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Abstract
Current conventional weather forecasts are based on high-dimensional numerical models. They
are usually only skillful up to a maximum lead time of around 7 days due to the chaotic nature
of the climate dynamics and the related exponential growth of model and data initialisation
errors. Even the fully detailed medium-range predictions made for instance at the European
Centre for Medium-Range Weather Forecasts do not exceed lead times of 14 days, while even
longer-range predictions are limited to time-averaged forecast outputs only.
Many sectors would profit significantly from accurate forecasts on seasonal time scales without
needing the wealth of details a full dynamical model can deliver. In this thesis, we aim to
study the potential of a much cheaper data-based statistical approach to provide predictions of
comparable or even better skill up to seasonal lead times, using as an examplary forecast target
the time until the next occurrence of frost.
To this end, we first analyse the properties of the temperature anomaly time series obtained
from measured data by subtracting a sinusoidal seasonal cycle, as well as the distribution prop-
erties of the first passage times to frost. The possibility of generating additional temperature
anomaly data with the same properties by using very simple autoregressive model processes
to potentially reduce the statistical fluctuations in our analysis is investigated and ultimately
rejected.
In a next step, we study the potential for predictability using only conditional first passage
time distributions derived from the temperature anomaly time series and confirm a significant
dependence of the distributions on the initial conditions. After this preliminary analysis, we
issue data-based out-of-sample forecasts for three different prediction targets: The specific date
of first frost, the probability of observing frost before summer for forecasts issued in spring, and
the full probability distribution of the first passage times to frost.
We then study the possibility of improving the forecast quality first by enhancing the sta-
tionarity of the temperature anomaly time series and then by adding as an additional input
variable the state of the North Atlantic Oscillation on the date the predictions are issued.
We are able to obtain significant forecast skill up to seasonal lead times when comparing our
results to an unskilled reference forecast.
A first comparison between the data-based forecasts and corresponding predictions gathered
from a dynamical weather model, necessarily using a lead time of only up to 15 days, shows
that our simple statistical schemes are only outperformed (and then only slightly) if further
statistical post-processing is applied to the model output.
Zusammenfassung
Aktuelle Wetterprognosen werden mit Hilfe von hochdimensionalen, numerischen Modellen
generiert. Durch die dem Klima zugrunde liegende chaotische Dynamik wachsen Modellfehler
und Ungenauigkeiten in der Modellinitialisierung exponentiell an, sodass Vorhersagen mit sig-
nifikanter Güte üblicherweise nur für eine Vorlaufzeit von maximal sieben Tagen möglich sind.
Selbst die detaillierten Prognosen des Europäischen Zentrums für mittelfristige Wettervorher-
sagen gehen nicht über eine Vorlaufzeit von 14 Tagen hinaus, während noch längerfristigere
Vorhersagen auf zeitgemittelte Größen beschränkt sind.
Viele Branchen würden signifikant von akkuraten Vorhersagen auf saisonalen Zeitskalen pro-
fitieren, ohne das ganze Ausmaß an Details zu benötigen, das von einem vollständigen dynami-
schen Modell geliefert werden kann. In dieser Dissertation beabsichtigen wir, am Beispiel einer
Vorhersage der Zeitdauer bis zum nächsten Eintreten von Frost zu untersuchen, inwieweit deut-
lich kostengünstigere, datenbasierte statistische Verfahren Prognosen von gleicher oder sogar
besserer Güte auf bis zu saisonalen Zeitskalen liefern können.
Dazu analysieren wir zunächst die Eigenschaften der Zeitreihe der Temperaturanomalien, die
aus den Messdaten durch das Subtrahieren eines sinusförmigen Jahresganges erhalten werden,
sowie die Charakteristiken der Wahrscheinlichkeitsverteilungen der Zeitdauer bis zum nächsten
Eintreten von Frost. Die Möglichkeit, durch einen einfachen autoregressiven Modellprozess
zusätzliche Datenpunkte gleicher statistischer Eigenschaften wie der Temperaturanomalien zu
generieren, um die statistischen Fluktuationen in der Analyse zu reduzieren, wird untersucht
und letztendlich verworfen.
Im nächsten Schritt analysieren wir das Vorhersagepotential, wenn ausschließlich aus den
Temperaturanomalien gewonnene bedingte Wahrscheinlichkeitsverteilungen der Wartezeit bis
zum nächsten Frost verwendet werden, und können eine signifikante Abhängigkeit der Verteilun-
gen von den Anfangsbedingungen nachweisen. Nach dieser einleitenden Untersuchung erstellen
wir datenbasierte Prognosen für drei verschiedene Vorhersagegrößen: Das konkrete Datum,
an dem es das nächste Mal Frost geben wird; die Wahrscheinlichkeit, noch vor dem Sommer
Frost zu beobachten, wenn die Vorhersagen im Frühjahr ausgegeben werden; und die volle
Wahrscheinlichkeitsverteilung der Zeitdauer bis zum nächsten Eintreten von Frost.
Anschließend untersuchen wir die Möglichkeit, die Vorhersagegüte weiter zu erhöhen - zunächst
durch eine Verbesserung der Stationarität der Temperaturanomalien und dann durch die zusätzli-
che Berücksichtigung der Nordatlantischen Oszillation als einer zweiten, den Anfangszustand
charakterisierenden Variablen im Vorhersageschema.
Wir sind in der Lage, im Vergleich mit einem naiven Referenzvorhersageschema eine sig-
nifikante Verbesserung der Vorhersagegüte auch auf saisonalen Zeitskalen zu erreichen.
Ein erster Vergleich zwischen den datenbasierten Vorhersagen und entsprechenden, aus den
dynamischen Wettermodellen gewonnenen Prognosen, der sich notwendigerweise auf eine Vor-
laufzeit der Vorhersagen von lediglich 15 Tagen beschränkt, zeigt, dass letztere unsere simplen
statistischen Vorhersageschemata nur schlagen (und zwar knapp), wenn der Modelloutput noch
einer statistischen Nachbearbeitung unterzogen wird.
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Current operational weather forecasts are usually based on three nested numerical models with
different resolution that couple ocean, atmosphere and land surface dynamics: a global model
whose output is given as lateral boundary conditions to a regional model which in turn provides
the boundary conditions for a local model. The German national weather service ‘Deutscher
Wetterdienst’(DWD) operationally uses an average model grid point distance of 20 km, 7 km
and 2.8 km respectively, with 40 to 60 vertical levels[1]. This means that the dimension of the
operational weather model space is O(108).
While such models resolve a large amount of relevant physical processes, some happen on
too short time or length scales, such as atmospheric turbulence and clouds for instance, and
therefore only enter the equations as parametrisations. These unresolved processes lead to model
uncertainty as do errors in the parameter values of the model equations and the numerical
discretisation[1]. A further source of errors is the necessary data assimilation: Observations
of the current state of the weather are made on a network of very non-uniformly distributed
measuring stations that has a high density of sites over Europe and North America, but a
low density over less populated areas and over the oceans. The current weather condition
therefore needs to be interpolated to the model grid points and correct initialisations for the
non-measurable model variables need to be found. This introduces further sources of error into
the numerical weather prediction process.
In order to incorporate this uncertainty into the forecasts, usually an ensemble of model runs
is initiated with slightly perturbed initial conditions[2]. As the underlying model dynamics are
chaotic[3, 4], initial uncertainties grow rapidly during model runs causing the ensemble to spread
until it covers the whole bandwidth of possible weather states. This limits the attainable forecast
lead time which does not exceed 7 days in conventional weather forecasts[1, 5]. Nevertheless,
within these limitations weather services claim to attain a good forecast quality of 90% correct
forecasts for the first five days[6].
While the quality of current operational weather forecasts for the first week into the future
is widely appreciated, there are many applications across a much larger number of time scales
where weather forecasts could make a difference. It has been found, for example, that about
1/7th of the US economy is weather sensitive[7].
The most obvious application of weather forecasts is in agriculture where the expected weather
forecast value for longer lead times is quite large, especially when the climatology (i.e. the
long-term mean value) shows a high variability[8]. This is especially true for rain-dependent
agriculture in vulnerable areas of small subsistence farms, where high quality forecasts could
increase food security and help with poverty reduction[9, 10], but also generally in cases of
drought, severe frost or flooding where forecasts could improve preparedness in the case of
upcoming disasters.
But also under normal weather conditions, accurate long-range forecasts could impact the
choice of crops and crop cultivars, decisions on the total planted area and planting density,
as well as the timing of seeding depending on the expected amount of solar irradiation and
total rainfall, as well as soil water availability[8, 11, 12, 13]. Across the year, they would
also help determine the choice of fertilizer and pesticide and the timing of their application
as well as the intensity and timing of irrigation measures and tillage, the stocking rates for
cattle and the beginning of the harvest[11, 12, 13, 14]. Those management decisions by farmers
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that do not concern the exact timing are often made several weeks in advance[13], with crop
and grazing systems planned about a month ahead, and crop rotation and fallowing as well as
investments into new land or machinery decided up to several years in advance[14, 15]. Accurate
seasonal weather forecasts could therefore improve both crop yield assessment and management
significantly[2].
Through the farmers, such weather forecasts would also impact seed suppliers and the agro-
alimentary processing industry, the supply, the prices and therefore the consumers, and thus
eventually also employment statistics and currency exchange rates[14, 15, 16].
To mitigate some of the weather-related risks and increase the possibility of advance planning,
farmers currently use a futures market[8] similar to the stock market, where they can sell
produce rights to predetermined conditions already before the harvest. Weather derivatives in
general can be bought and sold as insurance against adverse conditions. They are also used by
insurance and re-insurance companies to vary their investments[17]. Long-term forecasts could
help determine prices and conditions, but there is a large need for time-resolved and accurate
data[18].
Originally, the weather risk market was created by energy companies. There is obviously a
strong correlation between the energy demand and outside temperatures due to the need for
house and water heating, air conditioning and lighting[17, 18, 19]. Additionally, the increasing
focus on renewable energy sources further reinforces the weather dependence of the energy sector.
Not only solar and wind-based power generation, but also biomass growth and hydroelectric
power generation depend on solar irradiation and precipitation[2, 19]. Accurate forecasts would
help not only with seasonal operating strategies for the power plants, but they could also form
the basis of new capacity building projects[16, 19].
The health sector is another example of the impact accurate longer-term weather forecasts
could have. Mortality and hospitalisation rates, for example, increase during severe winters,
especially in connection to heart problems, so anticipatory reinforcement of medication supplies
and hospital infrastructures could be implemented with adequate forecasts[20]. In Africa, where
excess rainfall and flooding cause a sharp rise in malaria and epidemic meningococcal meningitis
infections[21], specifically targeted experimental seasonal weather forecast systems are actually
already operational[2]. Also for farmers, some seasonal forecasts have gone operational mostly
in the tropical latitudes[13]. But despite this large need for seasonal predictions, the current
state of forecasts beyond two weeks’ lead time generally is still lacking, especially in Europe.
In fact, while a third of all member states of the World Meteorological Organisation (WMO)
have implemented experimental seasonal predictions[13], the World Climate Research Pro-
gramme acknowledges that there are still ‘daunting challenges in terms of predicting land surface
temperature and rainfall’[22]. A scientist from the UK MetOffice even went as far as to say that
the experimental seasonal forecast was only a ‘slight advantage over not knowing anything at
all’[23]. Indeed, depending on forecast lead time and target, seasonal predictions over Europe
improve forecast skill by only up to 5% in most of the cases[22, 24, 25], when compared to
simply forecasting the long-term average. They often even perform worse[26]. Only in rare
situations, the improvement reaches as much as 40%[27].
This rather dismal picture comes about even though most seasonal predictions only forecast
probabilities for observing one of three or five equiprobable categories of monthly, 3-monthly or
seasonal mean variables such as mean temperature or total rainfall with zero lead time between
the issuing of the forecast and the start of the averaging period[13, 24, 28]. Fig. 1.1 shows
two examples of such seasonal temperature forecasts as they are issued regularly by the DWD.
They give the relative forecast probabilities of below-normal, average, and above-normal mean
temperatures for the seasonal average. While the summer forecast (left panel) shows a rather
high probability of warmer than average temperatures, the autumn forecast does not deviate
much from the climatology, i.e. the long-term average, and thus carries little information despite
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Figure 1.1: Two examples of seasonal temperature forecasts for Germany taken from the DWD
website[1] in 2011 (left - summer) and 2012 (right - autumn) respectively. The
columns represent the relative forecast probabilities for cold, averge and warm mean
temperatures (left to right).
the heavy coarse-graining of the prediction target. This is rather typical as the forecast skill in
spring and summer is generally better than in autumn and winter[1].
When forecasting weather conditions for the tropics, the quality for longer lead times is much
better. Especially the sea surface temperatures and related phenomena such as the El Niño
Southern Oscillation (ENSO) can be predicted very successfully at longer lead times[22, 29].
But over Europe, the seasonal weather forecasting skill is generally not very good. Here, purely
atmospheric conditions have a larger influence, but the atmosphere varies due to baroclinic
instability mostly on time scales of 5 to 10 days[4, 16], loosing memory after at most 15 days[26].
The longer term atmospheric variability is mostly due to the coupling with the oceanic heat bath
and the interaction between the atmosphere and flow patterns over topography and large-scale
heat anomalies[4, 13, 30].
Many other non-atmospheric variables with longer-term memory also contribute to the pre-
dictability on seasonal time scales. Some of them are external, such as solar forcing[29, 31], the
influence of volcanic eruptions[32, 33], and greenhouse gas and aerosol forcing[29]. Others are
internal, such as land surface temperatures[13, 34], soil moisture[22], snow cover and the related
changes in the Earth’s albedo[13, 16, 27]. Even the global warming trend contributes to the
predictability of temperatures[24].
While every single factor usually only has a very modest impact on climate variability es-
pecially in the extratropics[29], the ocean’s influence is very large not only through the sea
ice cover[13, 22, 29], but mostly through the sea surface temperature anomalies that influ-
ence the atmosphere[2, 16, 22, 30]. Indeed, a strong ENSO signal that is forced through
the sea surface temperature anomalies provides much of the seasonal predictability in the
tropics[16, 24, 26, 35, 36].
But with the highly chaotic dynamics of the weather system especially in the extratropics[2,
4, 16, 30], the large number of variables that need to be assimilated into the model space mean
a large initial error that is exponentially growing with time. Moreover, some of the influences
such as soil moisture and snow cover but also the initial conditions of the ocean are especially
difficult to assimilate into the model space[16]. Other climatic processes such as land-atmosphere
interactions[22], but also ocean mixing, clouds and convection, and stratosphere-troposphere
interactions that are important on seasonal time scales are not yet understood well enough to
fully incorporate them[14, 16, 26].
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The dynamical models not only have the problem of large and fast-growing initial errors, but
also too large spatial scales for most specific applications[10, 13, 15].1 This is to some extent
remedied by dynamical downscaling, i.e. by nesting a local model into the global circulation
model. However, downscaling does not only constitute a one-way flow of information from the
global to more local scales that introduces inconsistencies, it also means that any errors in the
global model output enter the local model through the boundary conditions, thus leading to
even larger uncertainties on local scales[16].
The applications also need better-resolved time scales than averages over a month or even
a whole season[10]. However, since the noise level on time scales between two weeks and two
months is high and not yet averaged out, a higher temporal resolution of any model forecasting
product would further lower the signal-to-noise ratio and result in even less predictability[13, 16].
On the scales that are needed for applications, the models therefore contain large errors and
biases[29].
When faced with this extent of dynamical model problems on longer time scales, the justi-
fication for using the large computing resources and extensive data assimilation systems that
are needed for the global circulation models2 for seasonal prediction tasks and facing the ever
growing expense due to added complexity to make them adequate for longer lead times has been
questioned[24, 29].
Purely statistical data-based prediction schemes might provide a reasonable alternative for
seasonal forecasts, following the principle of Ockham’s Razor: If one has a choice, then the
simplest method or model is best, if all other aspects are equal[37]. Statistical prediction schemes
are usually based on the method of analogues as proposed by Lorenz[3]. Here, a situation that
took place at the same time of the year (due to solar irradiation intensity) and had the same
three-dimensional distributions of wind and pressure, as well as the same temperatures both of
the land and sea surface, the same water vapor content, clouds, and snow cover, is identified as
an analogue. Its temporal evolution is then taken as prediction. However, since this narrows the
choice down to unacceptably few events, one usually has to be content with a smaller selection
of similar conditions to define analogues, such as only the same pressure fields[3].
Apart from the problems caused by possible discrepancies between situations that are counted
as analogues, statistical prediction also does not offer an understanding of the underlying
dynamics[13], nor can it predict situations that have not yet occurred, be it because they
are rare or because the climate and its variability are non-stationary[16, 29]. Nevertheless,
considering the large operating expenses and errors of the dynamical models, purely statistical
alternatives are usually fast, cheap and generally unbiased and can better be tailored to user
needs thus making them potentially more valuable[29].
Using statistical methods in seasonal weather prediction is not a new approach: Even dy-
namical model output is generally modified by the so-called model output statistics, making
it a hybrid prediction scheme. Every region also has its own country sayings or collections of
purely observation-based weather rules such as the Old Farmer’s Almanac, which is, however,
generally not very skillful or simply based on long-term averages, i.e. the climatology[38]. Other
prediction efforts for specific targets on a seasonal time scale have been implemented already
with some skill even outperforming the dynamical models, such as for monsoon, rainfall and
geopotential height[16], the 3-month mean surface temperature in Canada[35] or ENSO[39].
However, they are restricted to either very coarse-grained prediction tasks or more detailed
forecasts valid only for tropical regions.
1The whole of Germany for instance is represented by only four grid points in the global model[2].
2One operational data assimilation and prediction run for a lead time of up to seven days of the global cir-
culation model used by the DWD currently needs around 3,5 hours using a high-performance parallelised
supercomputer[1].
14
In this thesis, we want to show that purely data-based statistical prediction schemes can offer
significant skill also for specific time-resolved seasonal prediction tasks in the extratropics.
However, statistical prediction is often limited by the length of the observational data record[29].
One idea to remedy this drawback is to use an inexpensive, i.e. low-dimensionsal and computa-
tionally cheap, statistical model process to prolong the time series by mimicking its behaviour[40].
Such a procedure is often used as a stochastic mode reduction strategy in cases where a system
contains fast degrees of freedom that are not fully resolved but only fitted with a discrete time
stochastic difference scheme[40, 41].
Such an approach has been used to model the fast nonlinear atmospheric degrees of freedom
such as turbulence[1, 42, 43, 44], but also temperature fields[41], soil moisture variability[45]
and floods and precipitation (see [16] and refs. therein). The standard stochastic models used in
climate are variations of seasonal autoregressive integrated moving average (SARIMA) models
and thus use additive noise components[45, 41].
However, it has been found that the nonlinear coupling of modes in climate results in multi-
plicative noise[43, 44]. Indeed, even additive white noise forcing in the fast modes is transformed
into multiplicative noise in the slow modes they influence[40]. Also the friction of a flow over
topography is perturbed due to turbulent mixing in a state-dependent way[42]. Multiplicative
noise therefore provides the appropriate closure for low-dimensional systems by representing the
non-resolved degrees of freedom[43].
This is also due to the fact that multiplicative noise can introduce metastable states and
the possibility of transitions between them into a system’s dynamics[42, 45, 44]. It therefore
has a significant impact on the qualitative structure of the probability density function of a
system, where its effects are not only multimodality, but possibly also heavier tails[42, 43]. The
introduction of multiplicative noise into a system therefore causes regime-like behaviour and
enhances the probability that rarer states will be entered by the system, thus making it able
to model large-scale flow regimes[42, 43] or also explain drought persistence as a noise-induced
loss of stability of the deterministic non-drought equilibrium point[45].
Multiplicative noise has an influence on the underlying probability density functions, but two
systems that have the same probability distributions do not necessarily have the same dynamical
properties such as first passage times or mean residence times[43]. However, in another work we
have shown exemplarily in a simple model system that first passage times arising from exclusively
state-dependent noise-induced multistability can be adequately described by a corresponding
system with purely deterministic hopping and additive white noise[46]. Therefore, to reproduce
the dynamical behaviour of a system, one is not necessarily limited to multiplicative noise but
needs to use an adequate combination of stochastic and deterministic properties in order to
develop appropriate statistical prediction schemes.
As stated before, our goal is to demonstrate the predictive skill of statistical schemes on
seasonal time scales in the extratropics. Such forecast methods have the advantage that they
can be tailored to specific targets obtained from user needs. We will use the exemplary task of
forecasting the first passage times until the occurrence of frost, i.e. for initial conditions above
freezing we want to know the time it takes for the temperatures to drop below 0 ℃ for the
first time, to illustrate the value of such prediction schemes. We want to show that for such a
prediction target, it is possible to compete with and even outperform the full dynamical models
operationally used in numerical weather prediction with data analysis methods. We will also try
to improve our results by prolonging the time series using a very simple and computationally
cheap autoregressive (AR) model process.
Therefore, after providing some necessary theoretical background in Chapter 2, we will first
analyse the temperature data used in the thesis and look both at its first passage time properties
and the possibility of modelling it using an AR process in Chapter 3. We will then proceed to
analyse the potential for predictability using only conditional first passage time distributions
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derived from the temperature time series and issue actual predictions of first frost in Chapter 4.
In Chapter 5, we will look into enhancing the stationarity of the temperature anomaly time
series the previous predictions were based on in a first effort at improving the predictive skill,
before analysing the potential for further improvement by incorporating a second variable into
our prediction schemes in Chapter 6. Chapter 7 then offers a direct comparison with the
predictions from a dynamical weather forecast and the conclusions.
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2.1 Stochastic processes and time series analysis
2.1.1 Introduction
To define stochastic processes, we will first start with the concept of a random variable. This is
a variable whose value cannot be predicted - there might be a lack of knowledge about initial
conditions or the finer, small-scale details of its dynamics. A random variable is therefore
defined on a set of possible outcomes together with a probability distribution that associates
each outcome with a probability of occurrence.
A stochastic process1 is a collection of random variables {Xt : t ∈ T} indexed by a time set
T .2 All random variables have the same codomain, namely the phase space S of the stochastic
process. The process is fully described by the infinite set of all joint probability distributions
p(x1, t1), p(x2, t2;x1, t1), p(x3, t3;x2, t2;x1, t1),...
Measurements obtain a specific realisation of an underlying stochastic process, i.e. a specific
value in S for each random variable. Such a set of observations {xt} is also called a time series.
To fully characterise the stochastic process, the goal is to analyse this time series and learn all
joint probability distributions. But before we move on to some aspects of time series analysis,
we will first define two specific stochastic processes that are often used as simple models of more
complex dynamics.
The first and most basic one is the random walk. It is defined as Xt = X0 +
∑t
i=1 ξi, where
{ξt} is white noise, i.e. a set of independent random variables with zero mean and constant
variance that are normally distributed. In more mathematical terms, ⟨ξt⟩ = 0, ⟨ξtξt′⟩ = σ̂2δtt′
and ξt ∼ N(0, 1).
The second example is a Markov process. Here, the knowledge of its future values is only
determined by the present, not by the past. The Markov property therefore can be written as
p(xn, tn|xn−1, tn−1, xn−2, tn−2, ..., x0, t0) = p(xn, tn|xn−1, tn−1).
Two important properties stochastic processes can have are stationarity and ergodicity. For
a stationary process, the marginal probability distributions p(xi, ti) are independent of the time
ti and therefore also the two-point joint probability distributions p(xi, ti;xj , tj) depend only on
the time difference tj − ti. As this is a rather restrictive definition that is difficult to verify
when considering a single measured realisation, several weaker modifications of stationarity
exist. The most notable one is the weakly stationary random process whose mean, variance and
autocorrelation structures are time-independent.
A stochastic process is ergodic, on the other hand, if in the asymptotic limit its time average
over one infinite realisation is the same as the ensemble average over all realisations.
2.1.2 Distributional analysis
As stated before, the full set of joint probability distributions is needed to fully characterise a
stochastic process. To analyse a given time series, i.e. a realisation of a stochastic process one
1For a more extensive introduction to stochastic processes see for instance[47, 48, 49], on which this summary
is based.
2In this thesis, we will only consider the special case of discrete sets with T = N, as our observations xt are
daily sampled temperature measurements.
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knows a priori nothing about, the most reasonable start would be to establish a probability
distribution of measurement values. This can, however, prove to be quite difficult.
The easiest approach is to first use an array of summary measures to describe the underlying
full probability distribution the observations are drawn from. The most common is the sample
mean. It is, however, heavily influenced by outliers in the observations. Therefore, a more
robust measure of location, for example the sample median, is often more useful. It is defined
as q0.5, i.e. that value which separates the lower half of the observations from the upper half
3.
To describe the spread of the distribution, the sample variance σ̂2X , or its square root the
standard deviation (std) are most commonly used. They are, however, also not robust with
regard to outliers in the observations. A better measure also relies on quantiles in a similar
way as the median, but in case of the spread, the interquartile range (IQR) is defined by
IQR = q0.75 − q0.25.
Other summary measures include the peak of the probability distribution, i.e. the value x for
which the probability distribution attains its maximum.
If summary measures are not sufficient, the simplest estimate of the underlying probability
distribution is a histogram. A drawback of the histogram is its step-function-like nature. If
one wants instead a smooth estimate of the underlying probability distribution, kernel density
smoothing offers another nonparametric estimation possibility. To do this, for each value as-
sumed in the time series, a normalised Gaussian kernel that is centred at the value is added to
the estimate4.
The specific choice of the kernel width is crucial: If one chooses a very small kernel width, the
histogram contains large fluctuations due to the finite sampling. If on the other hand a large
kernel width is employed, important details of the underlying probability distribution might be
smoothed out.
A kernel density estimate thus is a generalisation of a histogram which can be considered as
using rectangular kernels.
An important aspect of a time series is how closely the different observations are related to
each other. This can be measured through the sample autocorrelation function ρk for lag k
between observations, which is given by Eq.(2.1).
ρk =
∑n−k
t=1 (xt − ⟨x⟩)(xt+k − ⟨x⟩)
σ̂2X
(2.1)
2.1.3 Spectra and frequency analysis
For some purposes when analysing a time series, it can be of interest to leave the time domain
and instead look at the frequency domain to see how much oscillations with different frequencies
contribute to the overall variance. In these cases, the power spectral density is a useful quan-
tity to look at. The Wiener-Khinchine theorem states that it is the Fourier transform of the
autocorrelation function ρk, whose sample estimate was introduced in Eq.(2.1), if one considers
the time series to be a weakly stationary random process5.
3A quantile qp of a probability distribution p(x) is defined such that p(x ≤ qp) = p.
4For kernel density smoothing, any functional shape can in principle be chosen as a kernel. However, we will
limit ourselves to Gaussian kernels in this thesis. Of course, Gaussian kernels can distort the probability
distribution estimate if the support is actually finite or in particular nonnegative as they will assign some
nonvanishing probability to all real values.
5Sometimes the Wiener-Khinchine theorem is also based on the Fourier cosine transform. Since the autocorre-
lation function is even, these two versions are equal.
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In the case of a finite time series where the underlying dynamics are a priori unknown but
the most important frequencies are of interest, the periodogram provides an asymptotically
unbiased estimator of the power spectral density.
It is established as follows: First, the time series {xt} is fitted with a Fourier series as shown
in Eq.(2.3), where α0 = ⟨xt⟩ is the sample mean of all n sample points, ϵt is the residual noise
caused by numerical approximations and q = n−12 for n odd and q =
n
2 for n even[38, 50].
xt = α0 +
q∑
i=1
[αi cos(2πfit) + βi sin(2πfit)] + ϵt (2.3)
The frequencies fi =
i
n represent the higher harmonics of the fundamental frequency and the
coefficients αi and βi can be obtained through the orthogonality properties of the trigonometric





















 for n even. (2.5)






i ), for i = 1, 2, ..., q, (2.6)
I(fq) = nα
2
q , for n even.
Even though the periodogram is a nice and widely used estimator whose expectation value
converges to the true power spectral density for weakly stationary random processes, it has
several drawbacks[38, 50]. Even though it is asymptotically unbiased and the estimates at
adjacent frequencies are nearly uncorrelated, for finite samples it can have large biases. In
fact, the finiteness of the time series is incorporated into the Fourier transform as a rectangular
window in time, which abruptly turns the measurements on at t = 1 and off again at t = n[38].
Such a rectangular window has rather bad properties if it is Fourier transformed, leading to
significant side lobes to the main peak in the spectrum.
This effect can be mitigated by tapering the initial time series, i.e. by using a windowing
function that smoothly drops to zero at the edges and thereby decreases the magnitude of the
side lobes. Of course, reducing the weight of a significant part of the time series - often around
10 to 20% - leads to a loss of information and one therefore needs more data points to get a
similar amount of information as without the tapering. However, this is well worth it especially
if sharp lines are suspected in the spectrum, because it avoids distributing the contribution of
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a single frequency line to several non-adjacent frequency bins favored by the side lobes of a
rectangular window.
Another problem is the discrete and finite frequency support of the power spectral density
estimate. On the one hand, since the periodogram only calculates the higher harmonics of
the fundamental frequency f = 1N , such lines whose frequencies do not correspond exactly to
a higher harmonic contribute to several bins in the calculation of the periodogram, resulting
in a smeared-out spectrum. On the other hand, the sampling frequency fs of the original
time series provides an upper bound fs/2 for the frequency domain of the estimate, called the
Nyquist frequency. This means that the estimate ‘folds back’ frequencies exceeding the Nyquist
cutoff into the lower part of the spectrum, identifying them wrongly, an effect commonly called
aliasing.
The periodogram as a power spectral density estimator is also not consistent, i.e. its variance
does not converge to zero with a time series that becomes infinitely long. Variance reduction
therefore also poses a problem. However, this can be addressed by computing periodograms
for different segments of the original time series and then taking an ensemble average of all
estimates. The number of segments the time series is separated into can be optimised for bias-
variance tradeoff, as the larger the number, the smaller the variance in the average estimate but
also the smaller the number of data points in each part, increasing the bias within each single
estimate. A smaller number of data points N ′ in each individual periodogram also restricts the
overall frequency resolution of the average, as the fundamental frequency changes to f = 1N ′ .
Considering all these different problems and attempts at resolving them, it is not surprising
that there are many versions of implementing such an estimator. In this thesis, we will use
Welch’s method[51], where the time series is cut into segments of equal length L, which ought
to be a power of 2, either directly or by padding the time series with additional zeros for
maximum efficiency of the fast Fourier transform algorithm. The segments are then tapered
by a Hann window - also called Hanning window, similar to a cosine arch spectral window - as











, 0 ≤ i ≤ L− 1. (2.7)
For each of these segments6, a finite Fourier transform is then calculated, resulting in a modified
periodogram. Finally, these periodograms are averaged, leading to an estimate of the power
spectral density.
2.1.4 Autoregressive processes
We will now turn to a special class of stochastic processes that is widely used as a very simple
model process in time series analysis. The autoregressive processes are generally defined as
follows[38]: {Xt : t ∈ Z} is an autoregressive process of order p (also referred to as AR(p)-
process) if there exist real constants αk, with k = 0, ..., p, αp ̸= 0 and a Gaussian white noise
process {ϵt : t ∈ Z} such that





Although this class is not complete, they are widely used because any weakly stationary
ergodic process {Xt} can be approximated arbitrarily closely by an appropriately chosen au-
6Two consecutive such segments always have an overlap of 50% to reduce the information loss caused by the
tapering procedure.
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toregressive process[38].
AR(p)-processes are stationary if and only if all roots of their characteristic polynomial





where αk represent the coefficients of the AR(p)-process, lie outside the circle |x| = 1.
To understand the nature of these processes a little better, we will look at the lowest order
processes, as they are easier to interpret. The simplest case of the AR(p)-processes, the AR(0)-
process, is equal to a white noise process, albeit one whose mean might differ from µ = 0
depending on the parameter α0.
The next order, the AR(1)-process as given by Eq.(2.10), corresponds to a red noise process.
Its value Xt depends exclusively on the value Xt−1 at the previous time step
7, which in the
stationary case of |α1| < 1 is regressed towards the mean, resulting in a smoothing-out of short-
term fluctuations. The spectrum is thus depleted in the shorter wavelengths which leads to a
“red colour”.
Xt = α0 + α1Xt−1 + ϵt. (2.10)
The AR(1)-process in fact describes the linear regression of Xt onto Xt−1, as already suggested
by its name, where the αi represent the regression coefficients, i.e. the intercept and the slope
respectively, and ϵt represents the regression residuals.





As stated before, the AR(p)-processes are widely used as simple models of more complex and
unknown dynamics. In this case, the relevant parameters first need to be estimated numerically
from the time series. The most widely used methods of estimation for autoregressive processes
are Yule-Walker, Burg and maximum likelihood estimation. While they are asymptotically
equivalent, maximum likelihood and Burg are generally preferred for smaller sample sizes when
the order p is known because the Yule-Walker estimate tends to have larger biases.
For overparameterised fits that appear in any problem where the optimal order first has to
be determined, however, the Yule-Walker estimate of the variance σ2 is more stable and reliable
and this method thus does not tend to select overparameterized models. Any AR(p)-process
parameter estimation in this thesis will therefore be based on the time series autocorrelation







γm denotes the autocorrelation of lag m of the time series.
When fitting an AR(p)-process to a time series, the optimal order p is not usually known a
priori. If it is chosen to be too small, then the resulting model process will not be able to capture
all the inherent correlations in the time series. A too large model order on the other hand results
in overfitting, the model will be tuned excessively to the data points that are being used in the
fitting procedure, thus picking up specifics of the noise realisation instead of representing the
underlying dynamical system in general.
7The AR(1)-process thus possesses the Markov property as defined in Sec. 2.1.1.
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Therefore, objective criteria to determine the optimal p are needed. They are usually based on
the maximal log-likelihood which is used to characterize the expected variance of the prediction
error when an AR model fitted to a specific time series is used for a different realisation of the
same underlying process. However, they differ in the added penalty function for the number of
parameters.
The best known procedure to determine the optimal model order was proposed by Akaike[52].
It involves the minimisation of the Akaike Information Criterion (AIC) as given in Eq.(2.13),
where n denotes the sample size of the time series that is to be fitted, p the order chosen for
the fit and σ̂2p the estimate of the variance.




However, it has been shown that the minimisation of the AIC does not converge to the optimal
order p with probability 1, but overestimates p asymptotically[53]. Schwarz [54] proposed an
alternative penalty function that remedies that problem, i.e. that is strongly consistent but
imposes a greater penalty upon the number of parameters and therefore leans more towards
lower-dimensional models than the AIC:






Hannan and Quinn have refined the criterion provided by Schwarz using another penalty
function that leaves the estimation strongly consistent and better than the AIC for larger
sample sizes n, but will underestimate the optimal order less[53]:





ln lnn, with c > 1. (2.15)
2.2 Determining statistical significance and quantifying
uncertainty
2.2.1 Introduction to statistical hypothesis tests
Statistical hypothesis tests are a method of determining whether any inference8 made about
sample data is the result of pure chance of the sampling or actually statistically significant.
This is done by formulating the statement to be tested as a null hypothesis, usually in such a
way that one expects it to be rejected if the effect observed is significant. Then one determines
how likely the observed results in the data are if the null hypothesis is true. If this probability,
which is also called p value, is smaller than a predetermined threshold, the significance level α
of the test, the null hypothesis is rejected at the given significance level. Note that not rejecting
a null hypothesis merely means that there is insufficient evidence to suggest it is false, not that
it is necessarily true. Common choices for the significance level are α = 5% or, to make it even
less likely that the observed effect is due to chance, α = 1%.
The significance level is thus used to determine the probability of a so-called Type I error
occurring in the testing, namely the probability that a true null hypothesis is falsely rejected.
While one therefore has a good handle on this type of error and can reduce it by changing the
significance level, this is not true for Type II errors, whose probability of occurring is often
denoted as β. These are the errors where a false null hypothesis is not rejected. As Type
II errors are inversely proportional to the significance level, they are in practice often rather
8In climate research, the frequentist approach is mostly preferred over the Bayesian inference[38] and therefore
also the focus of this section.
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large[55]. However, the power of a statistical hypothesis test is given by (1− β), as low Type II
errors are needed to reject the null hypothesis sufficiently often if it is indeed false.
The specific choice of the null hypothesis, as well as the choice of a test statistic to determine
how likely the observed results are if the null hypothesis is true, significantly impact the results
of a statistical hypothesis test. Also specifying an alternative hypothesis that differs from “the
null hypothesis is not true” changes the test results. Accordingly, there is a wealth of hypothesis
tests for different goals of testing and different underlying assumptions about the data such as
e.g. its probability distribution or its correlation structure. We will therefore in the following
only look into more detail at those tests that will be used later in this thesis.
2.2.2 A test for randomness of AR model fit residuals
The Ljung-Box portmanteau test was first proposed in 1978 [56] to test an autoregressive moving
average (ARMA) model for goodness of fit to a time series. To do this, the residuals after the
fit are tested for true randomness using their autocorrelations. This is done by computing the
following test statistic Q:






where n denotes the total sample size of the residual time series, ρ̂k the sample autocorrelation
for lag k of the residuals, and N the number of lags being tested. This test quantity Q should
then be distributed as χ2N−p−q, where p + q is the total number of parameters in the ARMA
model.9
Although the residuals of the model fit are assumed to be normally distributed, this test is
insensitive to departures from normality as long as the variance remains finite[56].
Contrary to ordinary statistical hypothesis tests, a portmanteau test does not have a specific
alternative hypothesis to test against. This makes it less powerful than more specific tests when
the type of discrepancy is known, but very useful when it is not[56].
2.2.3 Tests for time series homogeneity
Especially in long-term measurements such as geophysical time series, measuring devices or
even the measuring station location might have been changed in the interim. In these cases, it
is of great interest to assess whether this has resulted in a systematic change in the measured
values. This can be done using homogeneity tests. All of the following tests assume that the
values yi of the time series are independent and identically distributed
10.
The first of these homogeneity tests that we will look at is the Standard Normal Homogene-
ity Test (SNHT) proposed by Hawkins[58] and whose application was described in detail by
Alexandersson[59]. Its purpose is to test a time series for a unique break in the mean value,
i.e. a step-wise shift.





with ⟨y⟩ the sample mean of the yi and σ̂ their sample standard deviation. The null hypothesis
of this test is that these zi are independent and belonging to N(0, 1), i.e. following a standard
9Ljung and Box showed that this asymptotic distribution is quite well approximated already for moderate
sample sizes, contrary to an earlier similar test proposed by Box and Pierce[57].
10In climate research, the data are rarely truly independent since they usually come from a single observational
record that even contains serial correlations. Keeping this in mind, one can nevertheless draw useful quantified
analyses from statistical hypothesis tests.
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normal distribution with mean 0 and standard deviation 1:
H0 : zi ∈ N(0, 1) ∀i. (2.18)
The alternative hypothesis is then formulated as follows:
H1 :

For some 1 ≤ ν < n and µ1 ̸= µ2 :
zi ∈ N(µ1, 1), for i ≤ ν
zi ∈ N(µ2, 1), for i > ν.
(2.19)





{ν⟨z1(ν)⟩2 + (n− ν)⟨z2(ν)⟩2} (2.20)
with ⟨z1(ν)⟩ =
∑ν
i=1 zi/ν and ⟨z2(ν)⟩ =
∑n
i=ν+1 zi/(n− ν).
If S0 exceeds a critical level that can be obtained through simulation depending on the
sample size and the desired confidence level[58], the time series should be classified as non-
homogeneous.11
The advantage of this test is that it does not rely on other similar but definitely homogeneous
time series to compare the data with. Moreover one can get an estimate of the time of the
step-wise shift in the record from the index ν for which the maximum S0 is reached. From the
sample means of all values before and after this index, a magnitude of the break in the record
can then be estimated.
Problems with this test can occur if the zi are not normally distributed or if the standard
deviation of the time series has some breaks as well. The most probable year of a break in a
truly homogeneous time series according to this test is also more likely to be near the beginning
or the end of the record[59].
The second such test that we will look at, the Buishand range test, also detects a single
step-wise shift in the mean. But, unlike the SNHT, this test is more sensitive to breaks in the
middle of the time series[60].
In terms of both null hypothesis and assumptions, the Buishand range test and the SNHT
are very similar. The Buishand range test also employs the same transformation of variables as






For homogeneous records, the zi should fluctuate around 0 and the range should stay smaller
than some critical value depending on the total length n of the record and the desired significance
level α. Tables of critical values can be obtained for example from Buishand[61].
The third test for homogeneity, namely the Pettitt test, uses the null hypothesis that all data
points y come from a single distribution function f . As the Buishand range test, it is more
sensitive to distribution changes that occur towards the middle of the time series[60]. However,
as it is based upon the rank of the data points within the time series rather than upon their
actual values, it is less sensitive to outliers and does not require an underlying normality of the
distribution[60]. In fact, the test statistic of the Pettitt test[62] is equivalent to a Mann-Whitney
statistic for testing that the data points in the two samples y1, ..., yk and yk+1, ..., yn are drawn
from the same distribution. It tests for homogeneity against the alternative hypothesis that
11For many statistical hypothesis tests, the test statistic if the null hypothesis is true cannot be determined
analytically. In these cases, it is often obtained through Monte Carlo sampling methods.
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there exists a point yτ such that all data points yi with i ≤ τ are drawn from one distribution
f1 and all points yi with i > τ from the distribution f2 with f1 ̸= f2. The functional forms
of f1 and f2 are not restricted, contrary to the tests mentioned previously, except to demand
continuity in the version presented here[62].










with n the total number of sample points y.
The probability p that the null hypothesis f1 = f2 holds is then given approximately by
Eq.(2.23). This approximation is accurate to two decimal places for p ≤ 0.5 [62].






As the Pettitt test assumes underlying stationarity and independence of the data points y,
problems can occur when there are long-range correlations in the time series. Indeed, the test
is much more likely to issue high probabilities for the existence of a change point if correlations
are present[63], as the resulting clustering of values leads to larger values of XE .
The last test of time series homogeneity we are going to use in this thesis is the Von Neumann
ratio test. It does not find the location of a step-wise shift in the mean of the time series as
the previous ones but instead tests against the alternative hypothesis that the data points in
the series are not randomly distributed. As such, it finds departures from homogeneity that
are not strict step-wise shifts but does not give information on the time at which the break in
homogeneity occurred[60].
The test was proposed by von Neumann[64, 65] and is based upon the following test statistic:
N =
∑n−1
i=1 (yi − yi+1)2∑n
i=1(yi − ⟨y⟩)2
. (2.24)
In the homogeneous case, E[N ] = 2. If the sample contains a break in the mean, N tends to
be smaller than the expected value[61], when there are rapid variations in the mean, it may
become larger than the expected value[60].
This test is also rather sensitive to trends and correlations in the data that cause stronger
deviations from the expected value of the test statistic[64].
2.2.4 Tests for normality of a distribution
Many statistical hypothesis tests have the underlying assumption of normally distributed data
points. However, it is not always clear if this assumption is valid for the time series in question.
It is therefore often a necessary first step to make sure that the data points do indeed follow
a normal distribution because otherwise, the results of other statistical hypothesis tests using
this assumption might be misleading.
The easiest method to determine whether a distribution can be considered normal is not a
hypothesis test but rather a visualisation method: the Normal probability plot. It is less precise
but much simpler than hypothesis tests and useful as often hypothesis tests based upon an
assumption of underlying normality of the probability distribution still lead to valid results if
the distribution is close enough to a true normal.
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Figure 2.1: Normal probability plots of a Beta(2,2)-distribution (left panel) and of a N(0,1)-
distribution sampled only with 100 data points (right panel). The red dashed lines
represent the closest normal distribution.
The normal probability plot is a variation of plotting the cumulative distribution, where the
vertical axis is scaled in such a way that the cumulative of a normal distribution would yield
a straight line. The left panel of Fig. 2.1 shows such a normal probability plot exemplarily for
a Beta distribution. It is clearly visible that the closest fitting normal distribution has heavier
tails than the Beta distribution.
Deviations may, however, also occur on both ends of the sampled interval if the time series
follows a truly normal distribution. The very rare extreme values might not have occurred
yet within the total finite sampling duration or might have occurred comparatively often. An
example of this is shown in the right panel of Fig. 2.1, where only 100 randomly sampled points
from a normal distribution were used for the plot and the fluctuations in the tails are clearly
visible.
Moving on to true statistical hypothesis tests, there are many versions that test for normality
of the distribution of a data set. This is due to the large demand considering that normality is
an underlying assumption of many other statistical tests. Moreover, when testing the goodness
of fit of any model, normality in the residuals is also a sought-after indicator.
The specific hypothesis test we chose to use in this thesis is the Jarque-Bera test. It was first
proposed by Jarque and Bera [66] and is based on Lagrange multipliers. It has been shown to
perform best for larger sample sizes of n ≥ 100 [66] at least for tests that do not specify an
alternative probability distribution, making it one of the most used tests for this purpose[67].
































The Jarque-Bera test therefore measures deviations in sample skewness and kurtosis from those
expected for a truly normal distribution. If the n sample points are from a normal distribution,
JB follows a χ2-distribution with two degrees of freedom.
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2.2.5 Tests for equality of two probability distributions
The most used and well-known test for comparing two empirical data sets for equality of the
underlying probability distribution is the χ2-test. However, in this thesis, we will instead use
the two-sample Kolmogorov-Smirnov test. While the χ2-test compares probability densities,
the Kolmogorov-Smirnov test instead relies on cumulative probability functions which can be
estimated without binning or parametric fitting. Moreover, when binning the data, the χ2-test
introduces unordered categories and is then invariant to group permutations[68].
Given two independent data sets {y(1)i }, i = 1, ..., n1, and {y
(2)
j }, j = 1, ..., n2, with corre-
sponding empirical cumulative distributions F1(y) and F2(y), the null hypothesis of this test is
that both data sets were drawn from the same underlying continuous probability distribution
F (y).





















The Kolmogorov-Smirnov test has two fundamental assumptions on the data sets in question.
The first is independence. This means that if it is used to directly compare an empirical
cumulative distribution to a specific theoretical one, no parameter estimation or distribution
fitting should have been employed. If this is violated, the test will not necessarily reject the
null hypothesis even when it is false, meaning that the critical values are overestimating the
significance level[49].
The second assumption is the continuity of the underlying probability distribution. Only in
this case the exact critical distribution is known[69] and distribution-free[68]. However, in the
case where the underlying distribution is inherently discrete or has been made discrete through
grouping of data points, the theoretical and distribution-free significance level obtained for the
continuous case constitutes an upper bound for the significance level in the discrete case[70].
This makes the Kolmogorov-Smirnov test conservative if it is employed in the discrete case so
that the null hypothesis is rejected less often than if the true distribution of the test statistic
were known.
Instead of testing the full probability distributions of two data sets for equality, one might of
course also focus on specific summary measures such as the mean or the variance. Statistical
hypothesis tests for the equality of the mean or median usually are parametric, i.e. they require
either an underlying normal distribution or knowledge about the specific probability distribu-
tion. This is not available in the cases analysed in this thesis, so we will not look further into
these tests.
However, in another context, we want to test whether the variance in several subsets of a
time series is the same, i.e. we are interested in the homoscedasticity of the data sets. Also in
this case, most of the well-known hypothesis tests, such as the χ2 test, the F test and Bartlett’s
generalisation to more than two samples are quite sensitive to departures from normality of
the underlying distribution[71]. The F test is also not robust against outliers or in the case
of dependent variables[38]. However, there exists a more robust alternative that performs best
with mostly symmetric distributions with moderate tails, namely Levene’s test[72]. While it is




The test statistic used by Levene’s test to verify the null hypothesis that the population
variances of all groups are equal is given by Eq.(2.28). Here, n is the total number of data
points contained in k groups of size ni, i = 1...k, and yij is the value of the j
th data point in










with zij = |yij − yi·|
2.2.6 Confidence intervals and the bootstrap
The determination of confidence intervals for estimated parameters or scores usually is para-
metric and uses assumptions about underlying distributions to make analytical calculations. If
such assumptions are unlikely to be satisfied by the data that is analysed or if the analytic cal-
culations prove to be intractable, then the bootstrap offers a non-parametric alternative[38, 73].
It relies solely on the assumption that the data are independent and identically distributed
random variables.
The bootstrap is a resampling procedure based on Monte Carlo methods. If the original data
set contains n data points, then n points will be randomly drawn from the set with replacement
to form a new resampled data set of the same sample size. This ensures that the procedure
asymptotically converges on the correct value[73]. From the resampled data set, the desired
parameter is again estimated. This is repeated N times.
From the empirical distribution of the parameter estimates, one can proceed to obtain uncer-
tainty estimates. One possibility is to calculate the standard error. It simply uses the sample
standard deviation σ̂ of the distribution, which corresponds to the non-parametric maximum
likelihood estimate of the true standard error[73]. The corresponding interval of width 4σ̂
around the parameter estimate is then the standard interval which is roughly equivalent to a
95%-confidence interval if the distribution of the bootstrap estimates is close to a normal dis-
tribution. It can be quite inaccurate, however, if the distribution is skewed instead[73]. The
next simplest way of obtaining confidence intervals through a bootstrap method is to use the
percentiles of the bootstrapped sample distribution of the parameter[73, 74, 75].
An open question is the number N of bootstrap samples needed to obtain a good estimate of
the uncertainty involved. To use all possible resampled data sets obviously carries a very high
computational cost, especially if the calculation of the parameter to be estimated is lengthy. If
one is only interested in the standard error, then 50 to 100 resampled data sets should already
be enough[38, 73]. For the more involved percentile intervals, a larger number of samples is
necessary as one then needs to estimate the tails of the sample parameter distribution. Efron
et al.[73] propose using N ≈ 250 in this case and N ≈ 1.000 as a rough minimum for even
more involved methods of estimating confidence intervals. Wilks even proposes N = 10.000[49].
To make sure that N was chosen large enough, one can run the estimation of the confidence
interval twice with equal N and increase N if these two results still differ too much[76].
One problem with using the bootstrap is its sensitivity to a violation of the assumption
of independent data points. Most data sets, especially those originating in the atmospheric
sciences, contain serial correlations. These are destroyed in the resampling procedure of the
bootstrap so that the resampled data sets have a quite different correlation structure from the
original[38, 77]. These serial correlations lead to a smaller confidence interval than appropriate,
an effect that increases with the strength of the correlations[77]. One possibility to avoid this
problem is to use the bootstrapping procedure on blocks of data that encompass at least a
correlation length instead of on single data points. The results will however depend sensitively
on the choice of block size[49, 76].
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2.3 Forecasts and their verification
2.3.1 Introduction to forecasting
Forecasting in general is an iterative procedure: First, a model for the true process to be
forecast is chosen either through the formulation of a theory or by inferring it from historical
data. Then, predictions are issued for the future values the process will take. Finally, the quality
of the forecast will be evaluated and this analysis used to modify and improve the model.
Due to the vast number of applications of forecasts, there is a correspondingly large number of
distinct forecasting systems. They can be classified by the type of target variables (continuous
variables, categories, dichotomous outcomes) and the type of output (deterministic values or
probabilities12). Other characteristics of forecasts are the validity period and the lead time.
The validity period designates the time period for which the forecast is issued: The forecast
might predict the process value on a specific day, or its average over a month, a 3-month-period
or a whole season. The lead time, on the other hand, characterises the time between issuing the
forecast and the start of the validity period, i.e. it characterises how much in advance a forecast
is issued. The lead time is used in atmospheric sciences to separate forecasts into short-range or
weather forecasts of lead times less than a week, medium-range forecasts issued from a week to
a month in advance, long-range or seasonal forecasts of lead time between 30 days and 2 years,
and climate forecasts beyond that[28].13
The particular choice of forecast for any given problem will be based on the specific require-
ments of the prediction task. These might be, among others, the lead time, the computation
cost and the available data, but also the necessary goodness of the forecast or the cost of
inaccuracy[37].
But what characterises the goodness of a forecast? Murphy proposed the following three
main criteria to define it: consistency, quality and value[78]. While the consistency describes
the correspondence between a forecaster’s judgement and the forecasts he actually issues, the
quality is defined by the correspondence between forecast and observation. Finally, the value
describes the benefits realised by decision makers when taking the forecast into account. The
value therefore differs from user to user according to their specific application needs. Of course,
the value also depends on the quality of the forecast, but other aspects do play a role as well.
Good quality therefore does not automatically imply good value[78]. Indeed, if one were to
accurately predict an event that is almost certain to happen, then forecast and observation
agree most of the time, leading to good forecast quality. The almost certainty of the event,
i.e. the high base rate, however, does not allow for good value of the forecast. As value is highly
specific to the user and some aspects influencing the value, such as the base rate, cannot be
improved on in the forecasting process, forecasters are usually only concerned with the quality
for which objective and general criteria exist. These are assessed in the forecast verification
process.
2.3.2 Forecast verification
To compute the quality measures for the verification, which are also called scores, large amounts
of data in the form of forecast-observation pairs are needed. In order to avoid waiting a long
time for the observations to accumulate for the verification process, usually forecasters will not
issue forecasts in the strictest sense, i.e. predictions of future values exclusively. Instead, they
issue hindcasts (also called retroactive forecasts or ex post forecasts[79]) pretending to operate
12For a good overview, see for instance [76].
13Of course, this classification is not quite suited to first passage time prediction problems, which strictly
speaking have lead time one day (minimum first passage time) and validity period one year (maximum first
passage time), but without characterising a yearly average. Despite the lead time of one day, they are better
classified as seasonal predictions.
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at a different time in the past from which forecasts will be issued. The observations for the
verification process are then already available.
This practice also takes care of the need to verify the forecasts out-of-sample while retaining
an adequate number of observations for the verification. Indeed, if the same data is used for
building the forecast model and verifying the resulting forecast, artificial skill is introduced by
adapting the forecast model to the specific verification realisation of the process that is to be
predicted. Observation data should therefore always be separated into two distinct parts: a
training set for building the forecasts and a test set for the verification[38, 74, 37, 79]. With
hindcasts, when special care is taken to really only use data for the model building that was
recorded before the date on which the hindcast is issued, a separation into a training set before
this date and a test set afterwards is inbuilt. Often, a yearly update for the model is then
used, building a model on the training set up to a specific date, verifying on the next year
of observations after this date (or another adequate number of observations depending on the
forecast validity period), using this verification to develop forecast system improvements, moving
the specific date forward by a year and restarting the process. In this way, inflated skill through
the existence of a trend that skews future observation distributions is also avoided[80]. While it
should in general lead to a realistic indication of forecast quality, it might even underestimate
the forecast skill as actual forecasts made after the evaluation can be based on the whole data
set, i.e. on a much larger sample than the one used for the earlier forecast verification [74].
As stated before, a general assessment of the value of a forecast is not possible. Coming
back to the example given then, correctly forecasting an almost certain event correctly lacks
value because the forecast does not really improve the general knowledge already available to
the user. In order to better analyse forecast goodness and get at least a small handle on the
value in addition to the quality, one therefore should compare the forecast to an unskilled
reference that is also called benchmark. This ensures that it cannot be beaten by a very
simple forecast[38, 79]. In meteorology, such a benchmark usually consists of either predicting
the climatology, i.e. the long-time mean value, or predicting persistence, i.e. a continuation of
the presently observed deviations from the climatology[76]. Other possibilities include random
chance or damped persistence consisting of a regression of present anomalous conditions towards
the long-term average modelled by an AR(1)-process[80]. Alternatively one can choose to always
issue the same deterministic prediction not necessarily determined by the long-term average,
such as always forecasting “no event”, when the probability of the event occurring is in fact
very low[79].
The comparison of the forecast quality to a benchmark can be summarised using a skill score,
which can be computed as defined by Eq.(2.29).
skill score =
scoreforecast − scorebenchmark
scoreperfect forecast − scorebenchmark
(2.29)
Such a skill score specifies the relative improvement over the benchmark obtained by the forecast
and leads to a value of 0 for forecasts that have the same quality as the benchmark when
measured by the score, and to a value of 1 for perfect forecasts. However, for small sample sizes,
the skill score can be unstable[76].
To compute skill scores for a verification process, first it is necessary to make a specific
choice for the score. However, one has a wealth of possible scores at one’s disposal. Which
score is chosen depends among other issues on the impact of the different kinds of possible
forecasting errors14. Depending on the goals of the forecast, some errors might be worse than
14We focus here on the errors contained in the forecast as is usual in forecast verification. Errors in the verification
data, i.e. in the observations, are usually ignored due to the overall high signal-to-noise ratio in atmospheric
data[76].
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others: A user might want small average deviations from the observations or an absence of
large “outlier” errors, or maybe he needs the forecast to reproduce the observed probability
distribution accurately[76]. It also might be more important to forecast the correct timing of
an event than the exact magnitude, or vice versa. For most of these different objectives, there
exist key statistics and summary measures for the forecast verification, some of which we will
introduce later.
The general criteria used for selecting an appropriate score for the specific forecasting context
can roughly be separated into the different aspects of forecast quality that are measured by the
score on one hand and some desirable properties of the score itself that are independent of the
specific forecast on the other.
We will first focus on the different aspects of forecast quality. Generally speaking, the joint
probability distribution of forecasts fc and observations obs, P (fc,obs), contains all relevant non-
time-dependent information for forecast verification. Two attributes of forecast performance
commonly used relate directly to the full joint probability distribution: accuracy and association.
In terms of forecast quality aspects, the accuracy denotes the average correspondence between
the forecasts and the observations, whereas the association only focuses on the linear relationship
between forecasts and observations[49].
The full joint probability distribution can, however, be difficult to analyse, especially for high-
dimensional forecast problems. Murphy et al.[81] therefore proposed two decompositions of the
joint probability distribution using the conditional and marginal probability distributions. The
first one, as given by Eq.(2.30), focuses on the potential forecast quality as it centers on the
observations, while the second one given by Eq.(2.31) characterises the actual quality.
P (fc,obs) = P (fc|obs) · P (obs) (2.30)
P (fc,obs) = P (obs|fc) · P (fc) (2.31)
These decompositions show other ingredients of forecast quality. Some of them are only
based on the marginal probability distributions. This is the case of the uncertainty, which
is characterised by the sample base rate P (obs) (climatological probability) and is therefore
a property of the forecast situation exclusively: It measures how difficult it is to predict the
observations[78]. Indeed, if all possible outcomes are equally likely, then the forecast task is
much harder than if the outcome will almost always be the same. The corresponding attribute
that is based only upon P (fc) is the sharpness. It measures the variability of the forecast,
i.e. whether the forecast tends to always stay close to the mean or whether it also issues more
extreme predictions[78]. As the sharpness does not take into account any information on the
observations, it does not allow conclusions about the forecast accuracy[49]. Another attribute
using only both marginal distributions is the bias. It measures the correspondence between the
mean forecast and the mean observation[49].
The other forecast attributes that are in use to define the quality are based on the conditional
probability distributions of forecasts and observations. The discrimination is based on P (fc|obs)
and measures how much the forecasts for different observations differ on average. Its partner
is the resolution which is based on P (obs|fc) and measures how much on average for different
forecasts the observations differ[49]. The last commonly used forecast attribute is the reliability
of probabilistic forecasts. It is also based on P (obs|fc) but measures the agreement between the
forecast probability and the mean observed frequency[78], i.e. looking at all cases in which the
forecast probability for an event was p, did the event actually happen with probability p?
There exists therefore a large number of different aspects of forecast quality that can be
measured using scores. Depending on the requirements of the forecast tasks, some of them
might be more important than others, leading to different choices of scores.
The scores themselves are characterised by several properties that are independent of the
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forecasting scheme. The most important one is propriety. A proper score will be optimal when
the issued forecast corresponds to the forecaster’s best judgement[74]. It can therefore not be
hedged after the fact to obtain a better score, thus not allowing the verification system to exert
undesirable negative influence on the forecasts[82]. If it is strictly proper, i.e. if there exists a
unique optimum, then the best forecast is the one that forecasts the probability distribution
from which the observations are in fact drawn[83]. This is therefore a highly desirable property
for measuring forecast goodness for probabilistic forecasts15. In fact, propriety of a score directly
encourages forecast consistency - one of its main desirable properties[78]. However, one needs
to keep in mind that propriety of a score does not necessarily also imply propriety of the
corresponding skill score[84].
Another score property that is often sought after is equitability. This demands that all “naive”
forecasting schemes such as random chance or constant deterministic forecasts should obtain
the same score[76]. In contrast to propriety, this is mostly relevant for deterministic forecasts,
since finding a probabilistic score that is both proper and equitable at once is impossible[84].
Moreover, naive forecasts for probabilistic schemes do not generally have equal reliability so one
would rather have a proper score which rewards a more reliable forecast such as the climatology
instead of treating it exactly the same as a less reliable forecast such as random chance[74].
Another score property for probabilistic forecasts is the locality. Locality of a score means
that it only depends on the probability assigned to the verification value. Local scores measure
the sharpness and the reliability[74]. However, this restriction is not necessarily desirable: If
ordered categories are forecast, then it might be relevant whether the forecast was off only by
one category or by many categories. This is not reflected in local scores. Moreover, local scores
usually drop when the forecast gets more precise, i.e. when there are more categories included,
as then on average the probability assigned to each category and therefore also to the category
containing the verification drops[74].
The scores we choose in this thesis will therefore all be proper, but not necessarily equitable
or local.
Of course, any verification score obtained from a data set of forecast-verification pairs is
only a sample estimate of the true value. Forecast verification thus turns into a problem of the
sample size: It might be that the forecasts fit the observations uncommonly well or uncommonly
poorly on the small available verification sample. In this case, the score might be misleading -
a measure of the uncertainty associated with the score value is therefore needed.
This uncertainty will be larger the smaller the sample size employed in the score calculation,
but it will also grow when the data has a high intrinsic variability or if the base rate is small,
leading to a high variation in the forecast scores. In addition to the scores themselves, their
standard error or an estimate of a confidence interval associated with the scores should therefore
be given (see e.g. [74, 75, 76])16.
Most analytical means of obtaining an uncertainty estimate assume both independence of
the verification samples and a specific underlying distribution - mostly normal or binomial.
This is not usually reasonable in the context of meteorological forecast problems[76]. The most
expedient way of obtaining confidence interval estimates is therefore the bootstrap method
explained already in Sec. 2.2.6[26].
As stated before, there are many scores that are valid for different kinds of forecasts and
focus on different aspects of forecast quality. However, using a single score value to characterise
forecast performance is equivalent to collapsing the high-dimensional verification problem onto
a one-dimensional number - there is a corresponding loss of information[49]. Choosing just one
15Note that propriety is irrelevant for deterministic forecasts as then, the correct value will always be best and
thus no hedging is possible[84].
16See Mason[74] for an explanation of why statistical hypothesis tests and p values are not the best choice for
forecast verification.
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overall measure of skill will therefore give an incomplete and potentially misleading impression
of the forecast performance[74, 81, 85]. Indeed, if one forecast performs best regarding one score,
this does not imply that it will be the best forecast in all aspects. To cover several requirements,
one should therefore use several key measures instead of restricting oneself to just one criterion.
2.3.3 Some specific scores
After discussing the important aspects when choosing a score for forecast verification, we will
now take a closer look at some specific scores. The aim of this introduction is not to give a
comprehensive overview, if that were even possible, but only to introduce the few scores that
will appear in this thesis and that focus mainly on forecast accuracy17.
We will start with the scores applicable to deterministic forecasts. The most widely used
measure of accuracy for continuous variables is the mean squared error or its square root, the
root mean square error (RMSE)[49, 5]. It is defined by Eq.(2.32), where n denotes the total






(fci − obsi)2 (2.32)
The RMSE measures the overall accuracy of the forecast, i.e. the correspondence of forecast and
observation. As it is a measure of the average magnitude of forecast errors, a perfect forecast
leads to RMSE = 0 (in the same units as the observations) and forecasts are progressively worse
with increasing value of the RMSE.
Since it is a quadratic scoring rule, it gives a greater weight to very large errors. This means
that it encourages conservative forecasting, i.e. forecasts near the climatological mean, and its
value might be more representative of outliers than of the forecast as a whole[76, 5]. This
outlier sensitivity also leads to a lack of stability of the score for small samples[85]. The lack
of indication of the direction of any deviations between forecast and observation is another
drawback of this score[76, 85].
When estimating the skill of a forecast, the RMSE does not rate all no-skill benchmarks
equally, i.e. it is not equitable[74]. Livezey[80] advises against the use of climatology or persis-
tence as a benchmark in this case as their RMSE usually is very high, and recommends damped
persistence instead. The World Meteorological Organisation on the other hand proposes exactly
climatology or persistence as reference forecast for the RMSE[28].
If the deterministic forecasts are discrete rather than continuous, the most direct, simple and
intuitive measure of forecast accuracy is the proportion correct (PC)[49]. It is sometimes also
directly called accuracy, or percent correct (when multiplied by a factor of 100)[49, 76, 87]. The
PC is defined in Eq.(2.33), where n denotes the total number of verification observations, K
the total number of different discrete categories the observations can fall into and n(fci, obsi)







The possible values the proportion correct can assume are between 0 and 1, with a perfect
forecast leading to PC = 1 and the worst possible forecast to PC = 0.
17As it is generally not clear which score is best suited for which application[86], we chose to focus on the
accuracy as the main forecast attribute.
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The PC treats all categories equally and is heavily influenced by the most common one. This
leads to problems when some of them are markedly less probable than others[49]. It should
therefore always be compared to a benchmark, especially one that always forecasts the same
category deterministically, as the PC does not score all references equally (and is thus not
equitable)[76].
For probabilistic binary forecasts, i.e. when an event either occurs or not and its probability of
occurrence is forecast, the most commonly used verification measure is the Brier score (BS)[49,
82, 88]. It measures the accuracy of the forecast through the mean squared probability error and
is given by Eq.(2.34), where fc denotes the forecast probability for the event to happen instead
of a deterministic forecast value as before, and o = 1 if the event subsequently happened or
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The Brier score can assume values between 0 and 1, with BS = 0 denoting perfect forecasts
and BS = 1 the worst possible forecasts. In operational meteorological forecast verification,
score values of BS > 0.30 are taken to denote poor forecasts, BS ∈ [0.10, 0.25] are the usually
obtained score values, unless the event forecast is rare leading to BS < 0.1[85].
This differentiation between usual forecasts and those for rare events reflects the score’s
sensitivity to the climatological frequency of the event, i.e. to the inherent uncertainty of the
forecast: The rarer the event to be forecast, the easier it is to get a good score without any
skill[49, 74, 85].
Generally, the Brier score is the analogue to the mean square error, but in probability space.
Both the MSE and the BS can be decomposed into three components measuring the reliability,
the resolution and the uncertainty respectively[74, 89]. As with most quadratic scores, the
BS makes no difference between under- and overforecasting and favours conservative forecasts,
i.e. those with high reliability but low resolution[85]. This implies that the Brier score is not
equitable either, indeed it favours any benchmark that relies on the climatological frequency
instead of random chance or a deterministic forecast of always the more probable case, event or
no event, happening[82]. It is, however, a strictly proper score[83].
The Brier score is most often compared to the climatology. The corresponding skill score
and its decomposition are given by Eq.(2.35), with BSref = r(1− r) if r is the base rate of the
event[86, 90].






Contrary to the Brier score itself, this skill score is not always strictly proper - it needs to contain
the climatology as reference forecast to display propriety[76, 90]. It can also be unstable when
applied to small data sets due to its nonlinearity: The rarer the event, the larger the sample
size needed for an accurate score estimation[76, 85].
Brier skill scores using the climatology as a benchmark often are very low compared to other
measures, even going so far as to be negative. This is mostly due to the fact that the climatology
is perfectly reliable and reliability is a major component of the Brier score[22]. They are therefore
considered to be a “harsh standard” for forecasts and it has been suggested that negative scores
might conceal the fact that there actually still is some skill in the forecast, especially if the
forecast sharpness is high[90].
18Note that Brier[82] originally summed also over the complementary case of non-events, leading to exactly
double the score as given in Eq.(2.34). The version presented here is therefore also known as the half-Brier
score[49].
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For discrete probabilistic forecasts with a larger number of categories, the ranked probability
score (RPS) is the generally preferred proper scoring rule[49]. It measures the forecast accuracy
in terms of the squared distance between forecast and observation in probability space[90], but
uses cumulative probabilities and therefore takes the ordering of the different categories into
account[49, 91]. Its definition is given by Eq.(2.36), where fck,i denotes the forecast probability
of category k for the i-th forecast-observation pair and ok,i = 1 if the i-th observation falls into






















The perfect score again is RPS = 0, and its values range from 0 to 1.
The RPS reduces to the Brier score for K = 2[91], when the ordering becomes unimportant.
It is therefore a generalisation of the BS to ordered multi-categorical events and the two scores
and their respective skill scores have the same characteristics[85]. In particular, the RPSS
with respect to the climatological frequencies is also considered a “harsh standard” for forecast
comparison[90].
The last forecast score that will be explained here is not calculated directly in this thesis as
we are only concerned with forecasts made for one station. However, the anomaly correlation
coefficient (ACC) is widely used for the spatial verification of operational numerical weather
forecast fields, especially over long lead times[49, 76] and thus mentioned several times. Its def-
inition is given by Eq.(2.37), where the primed quantities denote anomaly fields, i.e. deviations
from the long-time mean, with the index i in this case denoting the grid point, the overline a












The anomaly correlation coefficient measures the centered19 correlation between the forecast
field and the corresponding observed anomalies[92], i.e. the pattern correlation between forecast
and observations[49]. As the ACC is not sensitive to any form of bias, it reflects potential rather
than actual skill and rewards correct patterns over correct magnitude[49, 76].
The forecasts are better, the larger the anomaly correlation coefficient. While ACC = 0.5
corresponds to a forecast equal to the long-term climatological average, ACC = 0.6 is usually
taken as a reasonable lower limit for spatial forecast fields that still contain some synoptic skill
at least in the largest patterns, while ACC = 0.8 is desired for some skill also in the slightly
smaller synoptic patterns[49, 93].
2.4 The North Atlantic Oscillation
Most of the first passage time forecasts in this thesis are based solely on measured temperature
data and thus require no further explanation. However, in Chapter 6, we will use a second
variable in addition that is less widely known, namely the North Atlantic Oscillation (NAO).
The NAO is the most apparent atmospheric pattern over the extratropic latitudes of the
northern hemisphere and the only teleconnection pattern in this region evident throughout the
year[94, 95]. As such, its influence on European surface temperatures can be expected to be
substantial. Indeed, the NAO directly influences the probability of occurrence of the different
19The uncentered version is also sometimes used, however there are some issues with it so the major weather
forecasting services employ the ACC as given here[92].
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“Großwetterlagen” (general weather types) in Europe[96]. It has also been stated previously
that over the northern parts of Central Europe and over Scandinavia a statistical forecast of
the surface air temperature anomalies ought to be possible at least towards the end of February
if the state of the NAO were known accurately[97].
However, this is quite difficult to achieve in advance. It has been found that the NAO
has an almost flat power spectrum close to white noise[98]. It is indeed well-known that the
extratropical climate system in general is chaotic, making the NAO much harder to predict
than other atmospheric oscillations such as the El Niño - Southern Oscillation (ENSO) for
example[30]. Also many fundamental mechanisms and climatic processes governing the NAO
are still not well understood[94, 99]. Even though some climate models were able to predict the
NAO a season ahead with some success[98], the NAO variability is generally not well reproduced.
Most climate models tend to overemphasize the correlations between the NAO and atmospheric
patterns over the Pacific[99], even though the link between NAO and ENSO for instance is rather
weak[98]. The lack of correct incorporation into the full global circulation models together with
the importance of its influence on European weather makes the NAO a prime candidate for a
second variable to use in a data-driven approach towards seasonal temperature prediction.
Research into the NAO started very early on: The opposing mean winter temperatures in
Greenland and Denmark caused by the NAO had already been known to Scandinavian seamen,
but Danish missionary Hans Egede Saabye’s diaries from 1745 are generally credited to be the
first detailed description of the phenomenon[100]. While the research stayed mostly descriptive
for a long time, the topic underwent a large increase in popularity starting in the nineties of the
last century with the goal of developing seasonal climate forecasts, as evidenced also by several
special publications dedicated to the topic such as a review paper[101], a whole Geophysical
Monograph (no. 134) and a special issue of the journal promet published by the DWD in 2008.
However, there are many open questions remaining.
In fact, there still exists no unique way of defining or describing the NAO[94, 96]. The common
basis is that it is the main mode of sea-level atmospheric pressure in the North Atlantic[102] that
consists of a low-pressure system located somewhere around Iceland or Greenland and a high-
pressure system around the Azores or even as far as southern Spain. The NAO oscillates between
two main phases, namely a lower than average low-pressure system together with a higher than
average high-pressure system (positive phase, sometimes also called ‘Greenland’ below[103])
and a higher than average low-pressure system together with a lower than average high-pressure
system (negative phase or ‘Greenland’ above)[101, 103]. This is illustrated in the schematic
in Fig. 2.2. Very rarely, a true reversal, i.e. an Icelandic high pressure system with a low
pressure system over the Azores, can be observed[101]. The fundamental time scale of the
oscillation is around 10 days, in winter there are additional oscillatory components of time
scales around 2 years and between 5 and 8 years. The oscillation even shows some decadal
variability[94, 96, 104]. The change from the negative to the positive regime is usually quicker
than back[105] and the negative cycles are on average less frequent but longer lasting than the
positive ones[106]. The oscillation also shows significant seasonal changes: The mean pressure
difference between the northern and southern centers in winter is around 18 hPa, in summer
both the pressure difference and the variability are weaker[96]. Also in winter, there are actually
two separate southern centers which merge in summer, when both the low and the high pressure
system move westward[95].
So how does the influence of the NAO on European surface air temperatures as depicted in
Fig. 2.2 come about? During the positive phase of the NAO, there is a large pressure difference
between Iceland and the Azores, signifying a net displacement of air over the Atlantic. This
gives rise to wind from the high to the low pressure areas, trying to equilibrate the gradient.
Due to Earth’s rotation and the resulting Coriolis force, this current gets deflected and results
in stronger than average Westerlies (west winds) across the Atlantic[96, 98]. Any change in
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Figure 2.2: Schematic illustrating the two different phases of the North Atlantic Oscillation
(NAO) and their general consequences on the weather of different regions around
the Atlantic Ocean.
the phase of the NAO therefore means a change in the mean wind speed and direction and
therefore also the heat and moisture transport across the Atlantic[94, 107]. Storm tracks, their
intensity and number, sea surface temperatures and currents as well as sea ice cover are also
affected[94]. The NAO can therefore serve as a measure of the strength of west winds over much
of Europe[108]. Stronger west winds mean more moderate oceanic weather such as milder and
wetter winters. Therefore the European climate variability both on the year-to-year and on
decadal time scales is strongly correlated with the NAO[96]. While it influences both tempera-
tures and precipitation[96, 109], it is especially important in determining hemispheric temper-
ature anomalies[110], where winter temperatures gain around 1 ℃, locally up to 2 ℃, during a
positive NAO phase[30]. In fact, the NAO explains around 75% of the total squared covariance
between mean sea-level pressure anomalies and the European surface temperature[111].
Several detailed studies of the influence of the NAO on a more local scale have also been
made, showing that most of the consequences for European surface temperatures are only valid
for the Northern part of Europe[101]. Changes of the NAO phase are strongest reflected in
surface temperatures over the Baltic states and northwestern Russia, but they are still quite
pronounced over northern Germany, with a marked gradient from northeast to southwest[110].
Chen et al. have found that the correlation between the NAO and surface temperatures in
Sweden is very high except in summer and that the NAO is an important factor in determining
Swedish temperature variability[102]. Malberg et al. have analysed the temperatures in Berlin
and found that the severe winters are due to a negative NAO phase, as then the inflow of cold
air masses from a low pressure system over Eastern or Northern Europe is not hindered by the
predominance of the Westerlies over Germany. There was only one notable exception when a
severe winter occurred during a positive NAO phase: In the winter of 1953/54, the Icelandic
low pressure system had moved quite far to the west, reducing its influence over Germany[105].
This strong relationship between European temperatures and the NAO seems to have evolved
in time, with a stronger influence on winter temperatures during the years 1951 to 2000 than
during 1901 to 1950[108, 112]. In addition to this trend-like component, there is also a seasonal
effect: Even though the influence of the NAO on surface temperatures always exists, it is largest
in winter, i.e. between December and March, when the NAO is the most important mode of
spatial variability for European temperatures[94, 108, 113]. Tinz found that the correlations
between European surface temperatures and the NAO are largest in February[96], while the
NAO’s greatest influence on Swedish temperatures is in March[102]. The coupling between
surface temperatures and the NAO in summer, however, is rather weak[96, 105, 107], going
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so far as to show almost vanishing correlations over Germany in July[96]. In fact, summer
temperature anomalies are very correlated over the whole hemisphere, not just over Europe
and the Atlantic region. They are therefore less influenced by the NAO than the more regional
winter temperature anomalies[113].
An important question when looking at the influence of the NAO on surface temperatures is
a possible lag between cause and effects. Indeed, a change in the NAO in winter precedes the
corresponding change in sea surface temperatures by about a month[30]. However with land
surface temperatures it has been found that in general simultaneous correlations explain most
of the variance[110], and on a more local scale in Sweden there is also practically no delay of
the NAO impact on the temperatures[102].
One problem has been the need to adequately describe the different phases and magnitude of
the NAO to evaluate correlations with surface temperatures and quantify the different effects.
Just as there is no unique definition of the atmospheric pattern, there also is no unique index to
quantify it. Li et al. compiled a good overview[95] which shows that the indices in use can be
separated into two main categories: Those that are based on instrumental measurement records
of different quantities and those based on more complex calculations usually also involving
climate model output or at least data assimilation into climate model space.
The simpler indices from instrumental records are based on sea level pressures, surface air
temperature or sea surface temperature[95]. While van Loon and Rogers used the surface air
temperature difference from Jakobshavn (Greenland) and Oslo (Norway) following the historic
discovery of the phenomenon[103], a quantification of the NAO based on the sea level pressure
difference between the two action centers of the Azores High and the Icelandic Low has become
the most widely used version[95, 96]. Different measuring stations are favoured for this index,
most notably Reykjavik, Stykkisholmur or Akureyri on Iceland and Ponta Delgada (Azores),
Lisbon (Portugal) and Gibraltar (southern Spain)[95, 96]. Some rarer combinations include
Gibraltar and Bergen (Norway) in winter or the coast of the Baltic Sea (for example Stockholm
in Sweden) and Iceland[96]. In all these cases, the pressure time series should be normalised
by subtracting the mean and dividing by the standard deviation over some reference period
in order to avoid the index being dominated by the northern station data whose variability is
about twice as large as for the southern stations [94, 108, 109].
Some of the more involved indices also use sea level pressures but not from only two land-based
stations. Instead they calculate pressure differences between fixed latitudes[96] or quadrants, or
between averaged values along defined latitudes across the Atlantic Ocean[95], needing the whole
pressure field. Some also consider rotated principal components of the mean 700hPa height
on the Northern hemisphere or 100 − 700 hPa thickness differences between two stations[95],
evidently needing model output or assimilated data.
Many studies have been made to evaluate the respective advantages and drawbacks of each
index. The measurement-based indices do not involve the large numerical effort of model-
analysis-based indices[95] and are both easy to implement and easy to interpret[101]. They
also have the added advantage of being available for earlier years and therefore for longer time
spans[107]. However, they do have several drawbacks. Any NAO index based on local station
data will contain more noise since local, small-scale and transient meteorological phenomena that
are not related to the NAO are not averaged out[112]. Another disadvantage of the local scale
of station-based indices is that they might not be able to capture the spatial and temporal vari-
ations adequately[95, 101, 109]. Indeed, the NAO action centers wander significantly between
seasons, moving westward in summer when the two distinct southern centers present in winter
merge, so two fixed chosen stations might suddenly be quite far from the NAO centers[95, 101].
For seasonal forecasts, indices based on empirical orthogonal functions (or principal components)
containing more spatial details would therefore in principle be preferable[107].
The specific choice of index made in this thesis will be discussed further in Sec. 6.1.
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3.1 Introduction
Our goal is to demonstrate the predictive skill of statistical schemes on seasonal time scales in
the extratropics. As stated in Chapter 1, we chose to use the example of forecasting the first
passage time to frost, thus basing our analysis upon temperature data.
Climate in fact comprises many different variables that are all interconnected and influence
each other, contributing towards the actual state of the weather. This makes the choice of which
variable to study for the chosen goal a priori an extremely subjective one. However, the most
accessible and directly meaningful variables especially in applications are air temperature and
precipitation[16]. As already seen in Chapter 1, they are also the most widely needed in terms
of seasonal forecasts.
Temperature usually has a higher signal-to-noise ratio than precipitation[114]. While it is
subject to small-scale variability and noise with fluctuations of up to 2 ℃ in a few seconds,
their influence on the time series can be significantly reduced by choosing measurement devices
with time constants of around 20 seconds, i.e. a ‘reaction time’ to changes in temperature,
as is operationally done by the national weather services[115]. Undesirable effects caused by
the sensitivity of temperature measurements to local environmental details such as vegetation,
buildings and the specifics of the radiation screen around the measuring device are also easily
reduced and altogether avoided by careful choice of the measuring site. This leads to a high
accuracy of 0.2 ℃ for timed measurements, and 0.3 ℃ for measurements of daily extrema[115].
Precipitation on the other hand is slightly more problematic. While it is recorded to the
nearest millimeter, measurements often underestimate the true value due to wind, evaporation
(especially in dry areas) and equipment design. This can amount to a relative error of up to
50% in extreme cases with estimates saying that amounts on a global basis are underestimated
by about 15%[116].1 Precipitation measurement accuracy also depends on wind speed and rain
intensity. Moreover, the actual amounts vary significantly on very local spatial scales, not only
due to specific topography, especially in showery weather[116]. As a result, precipitation has
not only a much greater spatial variability than temperature, but also a very large year-to-year
variability in the total amounts[114]. Moreover, the precipitation time series are intermittent,
having persistent dry and wet spells. It has also been claimed that they are not long-range
correlated[117]. This makes for a much more complicated prediction task that needs to take into
account many other meteorological variables to be better than simple persistence forecasts[118].
Since the analysis in this thesis is intended as a proof of concept for predictability using the
time series only, we chose the simpler case of data that has less dependencies on other variables,
longer intrinsic correlations and also less measurement errors, i.e. surface air temperatures.
Moreover, it has previously been claimed that statistical forecasts of surface air temperature
anomalies ought to be possible[97] - a claim for which we want to provide more solid backing.
As already explained in Chapter 1, fully time-resolved predictions on seasonal timescales,
while highly desired in applications, prove to be very difficult. To nevertheless obtain some
predictive skill, the common approach up to now has been to only forecast time averages.
1These figures reflect the state of the art in precipitation measurements almost two decades ago and several
improvements have been made in the meantime. However, since the analyses presented in this thesis will
take into account time series that start much earlier, these problems are very relevant.
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An alternative that provides forecasts of non-averaged timing without trying to deliver a
level of detail that is unattainable are predictions of first passage times to a threshold crossing.
They are an important macroscopic quantity that characterises the dynamics of a system and
have thus been increasingly studied with respect to applications as diverse as finance[119, 120],
integrate-and-fire neurons or biological population strengths[120].
A forecast of the first passage time to some event is in fact most important when you need
to be prepared before it happens but acting too early is costly. This is, for instance, the case
with hurricane landfall and the resulting need for evacuations.
When considering surface air temperatures, a special threshold is given by frost, i.e. 0 ℃.
Knowing when it will next freeze is important for many applications: In agriculture, advance
knowing of the first frost of the year helps for example with the timing of the wine harvest which
needs to be as late as possible to profit from the sun but early enough for the grapes not to
freeze to death (except for the production of ice wine). For transportation, the stocks of salt for
de-icing roads need to be replenished on time and snow removal machines maintained. Over the
course of the winter, logistics enterprises need to schedule large transports during times when
the roads are least treacherous and construction work could take place in winter after all, if
there is no frost expected for a long enough time to allow concrete to harden fully for instance.
In spring, knowing whether frost is still expected to happen before the summer is crucial in
many sectors. In agriculture, planting or shearing sheep too early could lead to the crops or
lambs freezing to death. Another well-studied problem is bud freezing in orchards[121, 122].
Here, frost protection measures such as wind machines or overhead sprinklers are costly and
the equipment takes up space outside and is error-prone. Installation and maintenance could
therefore profit from longer-term advance warning.
Forecasting the first passage time to frost is therefore a very relevant task for many applica-
tions. But before we start to prepare issuing actual predictions, we will first choose and analyse
the temperature data we will base the forecasts on.
3.2 Data preparation
3.2.1 Provenance and Quality
The German national weather service ‘Deutscher Wetterdienst’(DWD) provides large quantities
of meteorological measurement data through their website[1]. It contains long time series with
measurements of many variables such as atmospheric pressure, wind direction and speed, relative
humidity, and precipitation, to name but a few. Especially for air temperatures it has a wealth
of information, among others the daily minimum and maximum temperatures and thrice-daily
measurements, roughly the morning, noon and evening temperatures. All of these are measured
according to international standards at 2 metres above ground level to avoid the influence of
soil temperature and animal interference[115].
The time series have very different lengths and originate from 79 different weather stations
in Germany, which are located in many different environments such as larger cities like Berlin,
mountains like the Fichtelberg at an altitude of 1213 m, or the sea coast on islands like Norderney
or aboard lightvessels. This results in an embarras de richesse when it comes to choosing specific
measuring stations to work with. The ones near the sea usually show a smaller variance in the
temperature due to the large heat capacity of the ocean and the resulting persistence of its
temperature[123, 124]. The stations in mountainous regions possibly show a larger dependence
on the specific topology of the mountain as well as on the precise altitude of the stations. This
means that stations located towards the center of Germany which have sufficiently long time
series should be chosen.
The Potsdam station fulfills these requirements especially well. It is situated on top of the
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1893 - 1961 1962 - 1966 1967 - 1990 1991 - March 2001 April 2001 - 2010
morning 7:00 MST 7:00 CET 6:00 UTC 7:30 CET 6:00 UTC
temperature ≈ 6:08 UTC ≡ 6:00 UTC = 6:00 UTC ≡ 6:30 UTC = 6:00 UTC
minimum 21:00 MST 21:00 CET 18:00 UTC 21:30 CET 0:00 UTC
temperature ≈ 20:08 UTC ≡ 20:00 UTC = 18:00 UTC ≡ 20:30 UTC = 0:00 UTC
Table 3.1: Measuring time over the years for two time series of the Potsdam station as given
by the DWD[1]. MST indicates Mean Solar Time, CET Central European Time and
UTC Universal Time, Coordinated.
Telegrafenberg, a hill of 81 m altitude above mean sea level on the outskirts of the city. This
station has been measuring without interruptions since January 1893, resulting in time series
of almost 120 years length, or 43.098 data points with daily sampling frequency.
Since the objective of the next chapters is to predict the occurrence of first frost, the daily
minimum temperature and the morning temperature as the time closest to the daily minimum
are the two most relevant variables. We therefore have narrowed down the choice of data to
two distinct time series: Daily minimum and morning temperatures at the Potsdam station.
Before actually using this measurement data, the quality of the time series should be assessed.
The DWD offers some rudimentary information stating that the data is mostly without sys-
tematic checks or corrections but with single points that were corrected or confirmed; for some
limited time spans, however, systematic checks were carried out, especially after the introduc-
tion of new measuring devices. However, these quality assessments are very vague and do not
cover the more systematic errors that might arise from changing environmental conditions.
The common problem of increasing urbanisation around a weather station almost always
leads to a marked rise in measured temperatures over time[125]. This should, however, not be
so relevant for the chosen station since it is even today still located in a green and elevated area
on the outskirts of the city. Gradual changes through instrument drift are usually corrected
directly through regular recalibration. The existence of possible inhomogeneities in the data due
to station measurement device, thermometer housing or observer changes, elevation or location
changes, or observing time changes on the other hand should be investigated. This is especially
true with such long time series which span periods of war and upheaval[116, 125].
A first general look at the data does not reveal any obvious inhomogeneities. However, the
metadata indicates that while the measurements avoid introducing a measuring time change due
to summer or daylight saving time, the Potsdam weather station has repeatedly changed the
measuring time, which tends to produce systematic biases[125]. The specific measuring times2
as provided by the DWD [1] are given in Table 3.1.
For the daily minimum temperatures, such a change is not expected to result in any abrupt
jumps in the measured values. After all, the interval still spans 24 hours with the time change
only shifting the end point of this interval. As the time most likely to register minimum temper-
atures is around 3:00 am, well away from the time range in which the changes in measurement
time occurred, the consequences of the shift should be minimal. Looking more closely at the
time series around the specific times listed in Table 3.1, one can see that there are indeed no
jumps visible.
The morning temperatures, however, are a different case: Here a shift in measuring time
with respect to the daily solar cycle might indeed matter, since after such a change the solar
irradiation at the moment of measuring is different from before. However, this time series
does not show any such jumps around the specific times listed in Table 3.1 either. Fig. 3.1
2For the minimum temperature, this time denotes the moment from which the measurements are counted for
the next day.
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Figure 3.1: Two sections of the morning temperature time series from the Potsdam station. The
vertical lines mark the biggest change in measurement time within the time series
(from 6:30 UTC to 6:00 UTC).
illustrates this continuity in the Potsdam morning temperature time series around the last shift
in measuring time, where one would expect lower temperature measurements after the time
change when they are recorded earlier in the morning.
Therefore, at least the differences in measuring time are small enough not to have any dis-
cernible impact on the data and can be ignored.
Since we are looking at daily data in this thesis, which usually have larger homogeneity prob-
lems than, say, monthly averages[126], and since daily temperature extremes are particularly
sensitive to changes in measurement[125], we should not rely solely on the metadata being
complete to identify possible inhomogeneities. Indeed, Wijngaard et al.[60] found that 61% of
the 158 European time series of daily temperature extremes analysed in the European Climate
Assessment spanning the years 1946 to 1999 are of doubtful homogeneity. About a fifth of the
apparent inhomogeneities could not be attributed to either known climate variations or changes
documented in the metadata[60].
Since we do not have time series from suitable neighbouring weather stations, we cannot
exploit the correlations between neighbouring stations following Karl et al.[127] to test the
homogeneity. Statistical homogeneity tests applied directly to temperature time series are
error-prone in the presence of trends or long-time correlations. It is therefore better to analyse
the homogeneity of the time series variability for timed measurements or of the yearly average
of the diurnal temperature range in the case of extremal temperature data[126, 60]. As can be
seen in Fig. 3.2, these quantities fluctuate significantly for the Potsdam station temperatures,
but no abrupt breaks appear.
We verified this following Wijngaard et al.[60] by using four different statistical tests that all
assume as null hypothesis that the values are independent and identically distributed, namely
the Standard Normal Homogeneity test, the Buishand range test, the Pettitt test and the von
Neumann ratio test3. None of these tests rejected the null hypothesis of homogeneity at a
significance level of α = 1%.
However, doing the transformation from extremal temperatures to diurnal temperature range,
we discovered a slight problem unrelated to homogeneity in the Potsdam data set: The diurnal
temperature range becomes negative on three occasions, i.e. the recorded minimum temperature
is larger than the corresponding recorded maximum temperature. Comparing the temperature
extrema to the timed measurements reveals that these seem to be single false recordings - twice
the minimum temperature is larger than a timed measurement, once the maximum temperature
is too small.
3For a more detailed explanation of these tests see Sec. 2.2.3
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Figure 3.2: Left panel: Standard deviation of the morning temperatures recorded during one
month (blue dots), as well as the moving average over twelve months (thick green
crosses) and sixty months (red line). Right panel: Yearly average of the diurnal
temperature range for the Potsdam station (blue dots), as well as the moving average
with a window width of 10 years (solid red line).



















(a) Potsdam morning temperatures



















(b) Potsdam daily minimum temperatures
Figure 3.3: Histograms of the number of occurrences of the different possible last digits, i.e. the
decimal places of the measured temperatures.
One other problem that often occurs in time series whose data collection is not yet automated
is an interference of the psychology of the observer with the measurement. This often leads to
a bias, where some values especially in the last digits - in this case the decimal place of the
temperature - are preferred over others.
To check for this effect, Fig. 3.3 shows the incidence rates of the last digits for both time
series, which should be very close to a uniform distribution for unbiased measurements. The
daily minimum temperatures show a uniform distribution with statistical fluctuations. However,
the morning temperatures show a systematic preference for even numbers in the last digit. This
is almost certainly due to the use of the most common measuring device which is a mercury-
in-glass thermometer with scale markings in increments of 0.2 K[115]. The measured morning
temperatures are therefore only accurate to ±0.1 K at most.
Thus the quality of the two time series is very good, a fact that is supported by the analysis
of May et al.[123] who endorsed the quality of the Potsdam measurements in their study. We
did find two isolated false data points in the Potsdam minimum temperature series. Since the
timed measurements are less error prone in general than the extremal ones, we choose the daily
morning temperatures from the Potsdam station for our predictability analysis. The only real
issue encountered in this time series is a psychological one which slightly limits the accuracy
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parameter ⟨T ⟩ a1 b1 a2 b2
value 6.60 -2.82 -8.47 -0.09 0.68
Table 3.2: Linear regression estimate in ℃ of the parameters for the climatology T̃j (see
Eq. (3.1)) for the Potsdam morning temperature time series.
of the data by preferring even numbers in the decimal place. However, this problem is smaller
than usual in such time series, where half degrees are favoured markedly[38], and also smaller
than the official accuracy of ±0.2 K.
3.2.2 Climatology and construction of anomalies
Due to seasonal solar forcing, the yearly component of the temperature spectrum representing
the seasonal cycle causes the largest part of the variance in the time series, with sometimes
also a semi-annual component[38]. Any temperature predictions therefore would already score
quite well by always predicting the mean annual cycle, while the truly interesting information
are the actual fluctuations around it. We will thus subtract the mean annual cycle, also called
climatology, from the time series and in the following only consider the fluctuations around it,
which are then called anomalies.
This has an additional benefit in our case. Conditioning first passage times on both the initial
date and the initial anomaly reduces the amount of available data drastically, considering that
there are only 118 years in our time series. It is therefore advisable to consider ways of grouping
data together. In this way, better statistics can be obtained, but it also results in a more coarse-
grained approach for our prediction task. Converting the time series to anomalies should make it
pseudo-stationary[128] - at least over longer time spans than for the original temperature time
series since there are still polynomial trends and unresolved smaller frequencies to consider.
We could therefore relax the requirement for a specific initial day and instead take an initial
anomaly regardless of the date on which it was recorded and then add the climatology for the
initial date we want to consider.
First though, we need to determine the actual form of the seasonal cycle. We will proceed
by calculating the average temperature for each calendar day, denoted in the following by ⟨Tj⟩
where j marks the number of the day within a calendar year. Then we fit a smoothed sinusoidal
model of the climatology containing the two main frequency components of the spectrum (see
also Sec. A.3.2), where ω = 2π(365.2425 days) denotes the yearly frequency in the Gregorian calendar
and ϵj the residuals of the model fit
4:
⟨Tj⟩ = ⟨T ⟩+ a1 sin jω + b1 cos jω + a2 sin 2jω + b2 cos 2jω + ϵj
= T̃j + ϵj (3.1)
The parameter values ci, i = 0, 1, ..., 4, that were obtained using linear regression are listed in
Table 3.2.
Fig. 3.4 shows the resulting climatology for the Potsdam morning temperatures T as well
as the original measurements, illustrating their fluctuations around the seasonal cycle. These
anomalies ∆T are computed as follows:
∆Tj = Tj − T̃j . (3.2)
We will from now on focus on the resulting time series of temperature anomalies. However,
4For a more detailed discussion of the different definitions of the climatology used throughout the literature as
well as the choice made here see Appendix A.
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Figure 3.4: Morning temperature data of the Postdam station for the last two years of the time
series (black dots), as well as the corresponding climatology (green line).
















Figure 3.5: Probability distribution of the anomalies derived from the Potsdam morning tem-
perature time series. The inset shows the data on a semilogarithmic scale with the
closest fitting normal distribution represented by a red dashed line.
generating anomalies in this way does not eliminate slow trends such as gradual shifts in a time
series’ mean[32], implying a need to analyse the properties of the resulting anomalies time series.
To determine whether the temperatures are well represented by this decomposition into seasonal
cycle and anomalies, we will therefore take a closer look at the time series of the temperature
anomalies in the following.
3.3 Time series properties
Since the anomalies could be considered as residuals after fitting the temperature measurements
with the seasonal cycle, we would expect their probability distribution to be close to normal.
Fig. 3.5 shows this to be the case, however there remains a substantial deviation from a normal
distribution for the very negative anomalies that are much more frequent than expected.
Considering that we want to make use of the expected stationarity of the anomaly time series
in order to enhance the statistics available for the calculation of conditional first passage times
in the following, we need to make sure that these assumptions are met. We will therefore start
by having a close look at potential time-dependences in the time series that would mean a
significant violation of the stationarity assumption.
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Figure 3.6: Probability distribution of the temperature anomalies recorded between December
and February (left panel), in March and between September and November (center
panel) and between April and August (right panel), using a bin width of 1 ℃.
3.3.1 Stationarity issues
Starting our stationarity analysis by looking at the full anomaly distribution for only a specific
calendar month, we can already distinguish three general shapes: slightly left-skewed, almost
symmetric, and very slightly right-skewed. Fig. 3.6 shows these different shapes using only
anomalies from December to February (left panel), March and September to November (center
panel), and April to August (right panel). This preliminary analysis shows that there are
significant changes in the anomaly distribution with time, so that its stationarity is rather
doubtful.
In the following, we will analyse the anomaly time series stationarity more thoroughly. As
already defined in Sec. 2.1.1, a time series is considered wide-sense stationary if its first and
second moments, i.e. its mean and variance, as well as its autocorrelation structures remain
constant in time. We will therefore start by looking at the evolution of the first moment with
time.
As anyone reading current newspapers knows, the question of global temperature trends is
a generally very controversial topic. The latest report from the Intergovernmental Panel on
Climate Change (IPCC) states that the existence of global warming especially over land is ‘an
unequivocal finding that holds up under a variety of methods and models’[129], with the only
controversy the extent of the contribution of anthropogenic influences.
The magnitude of the trend is also generally unclear. Since the determination of any trend
depends crucially both on the start and end dates of the analysis and for global ones also on
the spatial averaging procedure, the actual value varies between publications.
For the Northern hemisphere it is believed to be around 0.13 ℃/decade for the period from
1951 to 1990[130], and 0.33 ℃/decade for the period from 1979 to 2006 [129]. Those two
numbers already illustrate the apparent increase in the trend since 1995, with the 12 warmest
years since 1850 being the years 1990, 1995 and 1997 to 2006[129]. Even though the warming is
largest over continental North America and Asia[129] and trends are generally more significant
in global data than in local data[131], we should expect to see its influence also locally in the
German temperature series, introducing a non-stationarity.
As the conversion from temperatures to an anomaly time series simply shifted the mean
and took out yearly and twice-yearly frequency components, any possible trends should have
remained unchanged. Therefore, even though the origin and exact magnitude of the temper-
ature trend are not of interest here, we need to get an impression of the importance of these
nonstationarities in the data.
Using linear regression as illustrated by Fig. 3.7, we arrive at the trend magnitudes detailed
in Table 3.3, where the only differences between the two approaches lie in the width of the
confidence intervals due to the different sample size. It follows that over the 118 years in our
time series, the mean temperature anomaly rose by about 1.15K.
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Figure 3.7: Left panel: Temperature anomalies (blue dots) and their trend obtained through
linear regression (thick red line). Right panel: Mean temperature anomaly for each
year (black dots) and their trend obtained as before (thick red line).
time series trend 95% confidence interval total warming total warming range
measured data 2.665 · 10−5 K/day [2.366 · 10−5, 2.963 · 10−5] K/day 1.15 K [1.02, 1.28] K
yearly mean 0.009746 K/year [0.005918, 0.01357] K/year 1.15 K [0.70, 1.60] K
Table 3.3: Table detailing the linear trend present over the whole time period in the Potsdam
morning temperature anomaly time series, obtained through linear regression.
One might speculate whether temperatures have evolved differently for the different seasons
and whether there is therefore a marked change in the estimated linear trend when one considers
only anomalies from a specific month or season. However, the range of estimated trends for
different months and different seasons falls well within the 95% confidence interval for the general
trend so there is no evidence for such seasonality in the linear trend.
We can therefore assume that the total shift in mean over the whole period covered by the
Potsdam morning temperature time series is about 1.15K, or less than 0.01K per year, the time
frame over which we will consider first passage times in our work. It is therefore only a very small
and at first glance insignificant change. However, if we condition first passage time probability
distributions on specific initial conditions, i.e. anomaly bands, then such a trend might change
the relative weight of different years in the time series. For very cold anomalies, the earliest
years in the time series might contribute many data points while these very cold anomalies
almost do not occur anymore towards the end of the series. We will therefore investigate how
large an effect the possible trend in the data has.
If the trend did not influence the selection of anomalies through different criteria, the fraction
of anomalies that exceed a given threshold ∆Tthr selected from the first half of the time series,
p(∆T > ∆Tthr|y < 1952) with y the year the anomaly was recorded, should fluctuate around
50% for any given criterion. As can be seen from Fig. 3.8 for the more extreme anomalies,
however, it is significantly lower than 50%, going as far down as 0% if the most extreme few
anomalies are considered.5 Therefore the trend in the anomaly time series does indeed influence
the relative weight of different years when looking at extreme values.
Since we are going to look at anomaly bands, we also analyse in the following the relative
influence of different years for all deciles of the anomaly distribution, not only for the most
extreme cases.
As can be seen in Fig. 3.9, all deciles are influenced by the trend. This means that even
though the magnitude of the trend is small enough not to be relevant over the time periods of
5The different appearance of both curves in the left panel of Fig. 3.8 is due to the asymmetry of the underlying
anomaly distribution - a fraction of 0.0023 of all anomalies (i.e. 100 anomaly data points in total) corresponds
to a threshold of 10.5K for warm anomalies and -15.3K for cold anomalies, causing the horizontal shift that
disappears if one considers equal fractions of anomalies (as shown in the right panel).
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Figure 3.8: Dependence of p(∆T > ∆Tthr|y < 1952) (left panel, red crosses), as well as p(∆T <
−∆Tthr|y > 1951) (left panel, blue circles) on ∆Tthr. The right panel shows the
same but the threshold is given in terms of a fraction of all anomalies.




































Figure 3.9: Fraction of anomalies in each decile that was recorded in the earlier half of the time
series, i.e. between 1893 and 1951.









































Figure 3.10: Variance of the anomalies grouped together for each calendar month (left panel),
as well as for each consecutive month in the time series (right panel).
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Figure 3.11: Power spectral density estimate of the monthly anomaly variances on a semilog
scale, obtained using Welch’s periodogram method with 5 segments of length 512
data points (left panel) and of the yearly anomaly variances using three segments of
length 64 data points (right panel), both with a 50% overlap between consecutive
segments.
less than a year that are of interest in this thesis, it will nevertheless play a significant role in
the selection procedure of anomalies for the conditional first passage times considered later on
in Chapter 4 - a caveat that needs to be kept in mind throughout the following analysis.
After looking at trends in the mean of the time series, we will now turn to examine any
nonstationarities in the variance6. As the climatology was not rescaled by the seasonal variance,
some seasonality remains, as shown in the left panel of Fig. 3.10 and as discussed also in Fig. A.3.
Both show that the variance is larger in winter than in summer. Applying Levene’s test - a
more powerful alternative to the F test for nonnormal underlying probability distributions (see
also Sec. 2.2.5) - to the anomaly variances grouped by calendar month confirms that these
differences are indeed statistically significant. This phenomenon was already noted before for
temperatures on the Northern hemisphere[132], and it is visible here even though it has been
found to be much less pronounced in Central Europe than elsewhere[133]. So there is definitely
some nonstationarity in the variance across different calendar months. Computing the variance
instead for each consecutive month in the anomaly time series, there is no trend or oscillation
immediately visible across the different years, as can be seen in the right panel of Fig. 3.10.
To better pick up any possible oscillations, we also look at the power spectral density estimate
of these anomaly variances. The left panel of Fig. 3.11 shows that there are three distinct peaks
at periods of twelve, six and four months, although the last one is barely distinguishable from
the larger fluctuations in the estimate7.
Since the different seasons seem to influence the anomaly variance heavily, we also group the
data by years to analyse the smaller frequencies that might be overshadowed in the more finely
split data. The right panel of Fig. 3.11 shows the power spectral density estimate for this yearly
data. As can be seen, there are additional periods of around 2.3, 8 and 20 years (frequencies
of 0.43, 0.125 and 0.05 per year) visible here. Therefore the anomaly variances still contain
oscillations and are therefore not entirely stationary.
6Especially for time series with outliers or quite skewed distributions, employing order statistics such as the
interquartile range instead of the variance to characterise the second moment of the underlying distribution
is more robust. However, the following results were not changed qualitatively in any way by using the
interquartile range instead, so we chose to include the more common measure of the two in this thesis.
7This estimate has high variance since it only averages over five segments, but varying the total number of
segments did not lead to any new insights.
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Figure 3.12: Histogram showing the occurrence of the coldest percent (top left panel) and the
coldest tercile (bottom left panel) of temperature anomalies across the calendar
year. The right panels show the occurrence of the corresponding warmest anoma-
lies.
One resulting problem, just as with the slight trend observed before, is of course the influence
a change in variance has on the selection of anomalies into bands, when the time series is
treated as if it were stationary. Fig. 3.12 illustrates just how much certain months are favoured
and others severely under-represented if only the coldest or warmest percent of anomalies were
considered in an analysis. Even if one does not condition on the most extreme anomalies but
considers the coldest and warmest terciles, there are still large deviations from the uniform
distribution expected for a time series whose variance has no seasonal component at least for
the warmest tercile.
Thus a selection of anomaly bands made regardless of the date on which the anomalies were
recorded would result in an ever higher influence of winter measurements the more extreme the
selection. Any prognoses made for initial dates in the other seasons would therefore be doubtful.
A way to remedy this while still retaining better statistics would be to select anomalies that
were recorded within a certain time window around the starting date under consideration but
in any year within the record. This constitutes a compromise between high variance due to
low statistics if one were to condition on the exact date, and high bias because the difference
in variance on different dates would still allow effects that are only valid on other dates than
the one in question. We should, however, bear in mind that while this approach is a good
compromise there are still inherent stationarity problems with regards to the first few moments.
The chosen time series of daily morning temperatures recorded at the Potsdam station there-
fore contains both a positive trend as expected because of global warming and a yearly seasonal
cycle, but also a twice-yearly frequency component. The temperatures approximately follow
a normal distribution, but with a slight bimodality in the peak and a larger tail for negative
temperatures.
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Figure 3.13: Autocorrelation function of the anomaly time series for two different zoom depths
in the figure and inset of the left panel, as well as on a double-logarithmic scale
(right panel figure) and a semilogarithmic scale (corresponding inset).
3.3.2 Correlations
Another very important aspect of any time series, and not only in terms of its stationarity, is its
autocorrelation structure. It contains information on the extent of the memory of the underlying
dynamical process and thus also on the potential for predictability of future measurement values.
If the climatological model truly fitted the temperature time series well, the anomalies would
simply be the residual measurement noise realisation. As such their autocorrelation ρk is ex-
pected to decay exponentially and then show no further deterministic variations. However, it
is well-known that temperatures show persistence, i.e. a large positive autocorrelation and a
‘red’ spectrum that is not incorporated into the climatological model, at least on very short
time scales of several days (see for example [134]). Moreover, also long-term memory has been
found in temperature data sets[117, 124, 32, 133, 34, 135, 33] and recreated quite well in the
atmospheric models by incorporating volcanic forcing[33].
Looking at the autocorrelations in the Potsdam anomaly time series, we would therefore
expect to see a power law decay. However, the left panel of Fig. 3.13 shows a very rapid
decay of the autocorrelation function towards zero8. The right panel shows the same data on a
double-logarithmic scale, where the power law decay associated with long-range memory should
translate into a straight line. As can be seen, it does not seem truly linear. We therefore
also plotted it on a semilogarithmic scale in the inset, where a straight line would indicate
an exponential decay associated with an absence of long-range correlations in the data. Here,
the linearity assumption is also only a rough approximation for approximately the first 12 lags
before breaking down completely.
To get a rough idea of the characteristic correlation times of the temperature anomalies, we
assume an exponential decay for the autocorrelation at very small lags. Using linear regression
on the logarithm of the autocorrelation function, we extract an exponent of roughly λ ≈ −0.17
from the data, corresponding to a characteristic correlation time on short time scales of five to
seven days.
One problem with this direct calculation approach to the autocorrelation is the mixture
of nonstationarities in the data such as the slight trend (see Sec. 3.3.1). The finiteness of
the time series also causes large fluctuations at large lags, as can be seen in the right panel
of Fig. 3.13. This leads to a sometimes incorrect and rather difficult evaluation of the true
correlation structures[133].
8It stays above zero even at very large lags in this case as the warming trend adds long-range correlations.
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Figure 3.14: Cumulative anomalies as defined in Eq. (3.3) for the anomaly time series (thick
blue line) and ten different surrogate realisations (thin black lines).
Several methods have been developed to better deal with these issues, most notably Detrended
Fluctuation Analysis (DFA - see e.g. Rybski et al.[133], and references therein). One very simple
but illustrative possibility, however, is to convert the anomalies to their cumulative values, as






For uncorrelated or short-range correlated data, one would expect that the cumulative anoma-
lies fluctuate around zero with a fluctuation amplitude directly related to the correlation time.
Fig. 3.14 shows that the actual fluctuation landscape deviates very far from the zero line. For
comparison, the fluctuation landscapes of ten different surrogate realisations, where any cor-
relations were destroyed by random shuffling of the temperature anomaly time series, are also
included in the figure. As can be seen, there are indeed significant long-range correlations in
the anomalies.
Moreover, one can also see that the anomalies tend to be too negative at the beginning of the
time series and then rapidly rise again towards the end. This directly reflects the trend in the
mean that was not removed with the climatology (see also Sec. 3.3.1).
We have therefore seen quite a few stationarity issues in the Potsdam morning anomaly time
series. In fact, there is a slight trend in the mean of the anomaly time series that is at least partly
responsible for the presence of long-range correlations in the data. Moreover, the variance still
contains a distinct seasonality in its magnitude and the skewness of the anomaly distribution
also changes with the calendar months.
3.4 Modeling with an autoregressive process
The main problem with the data-based predictions, even if we treat the anomaly time series as
if it were stationary enough to use the data irrespectively of the calendar day on which they
were recorded, will remain the scarcity of data points and the correspondingly poor statistics
once we condition on several distinct quantiles of different variables. Therefore it would be
advantageous to find a very simple model that can reproduce as many of the characteristics
of the temperature anomaly time series as possible without the computation costs of the large
dynamical models presently used for prediction in weather and climate. Using such a simple
model, we could compute as many simulated data points as needed, also for the rarer initial
conditions.
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Figure 3.15: Modified BIC criterion by Hannan and Quinn[53] to determine the optimal AR(p)
model order for the Potsdam morning temperature anomalies. The inset shows the
same data as the full figure but excluding p = 0 in order to make the differences
between the criterion values for the higher model orders visible.
One of the simplest models that contain some memory - necessary because of the persistence
in temperature data (see Sec. 3.3.2) - are autoregressive processes (as described in Sec. 2.1.4).
They are widely used for their ease of computation as well as their comparability to discretized
ordinary differential equations with noise. It has been found that indeed many atmospheric
variables are well-approximated by low-order autoregressive (AR) models[38, 32], at least when
looking at high-frequency transients[134] and that predictions with short lead time of temper-
ature anomaly threshold crossings have some skill when only relying on an AR(1)-process[136].
We will therefore explore the possibilities of reproducing the time series using models from this
class.
The short-term correlation time of 5 to 7 days found in the previous section hints at a
model order between AR(5) and AR(7) for our data. One problem we need to keep in mind,
however, is that the autocorrelations in our data are not actually decreasing exponentially
beyond approximately lag 12 as would be the case for an AR model of any order. This puts the
adequacy of an autoregressive model especially on longer time scales somewhat into question[50],
making a thorough analysis of the model fit necessary.
In order to determine the actual optimal order for an AR(p)-process to represent the Potsdam
morning temperature anomalies, we fitted the time series using the Yule-Walker equations and
then employed several well-established objective selection criteria, namely the Akaike Informa-
tion Criterion, as well as the Schwarz and the Hannan and Quinn versions, and the estimated
AR coefficients themselves.9 The dependence on the model order p of these criteria is shown in
Fig. 3.15 using the Hannan and Quinn criterion as a representative example, since the results
are qualitatively equal for all criteria: They agree on an optimal model order of p = 8.
However, as can be seen in Fig. 3.15, the largest improvement by far occurs by changing
the model order from p = 0, i.e. white noise, to p = 1. Any additional changes have a very
small impact on the criteria, so that the simplest non-trivial AR model should represent the
temperature anomalies already quite well.
Applying an AR(1) fit to the temperature anomalies, we arrive at the following model:
∆Tn = γ∆Tn−1 + ϵn, (3.4)
with γ = 0.707±0.005 and a noise variance of σ2ϵ = 7.76K2. The error estimate for γ represents
the 95%-confidence interval which is therefore very narrow indeed.
9For more details on these procedures, see Sec. 2.1.4.
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i 1 2 3 4 5 6 7 8
αi 0.680 -0.006 0.024 0.024 0.009 0.006 0.005 0.021
±0.001 ±0.007 ±0.008 ±0.007 ±0.006 ±0.008 ±0.004 ±0.002
rel. change [%] 0.2 117 33 29 67 133 80 10
Table 3.4: Parameter values for an AR(8) model (see Eq. (3.6)) of the Potsdam morning tem-
perature anomaly time series estimated using the Levinson-Durbin recursion on the
Yule-Walker equations, with confidence bands reflecting the change over time of the
parameters, estimated by fitting different parts of the time series separately, as well
as the corresponding relative change in %.
To check for a possible change in the parameter values over time, we fitted the AR(1) model to
different distinct parts of the same temperature anomaly time series. The resulting parameter
values varied within the following intervals: γ ∈ [0.705, 0.710], well within the 95%-confidence
interval for the fit over the whole time series length, and σ2ϵ ∈ [7.63K2, 7.89K2]. This suggests
relative changes of the parameters over time of 0.4% for γ and 1.7% for σ2ϵ . The time dependence
is therefore negligible for the AR(1)-model.
The AR(1)-model chosen here gives us a good feeling for the decorrelation time in the time





For the coefficient γ = 0.707 we obtain a decorrelation time of τD = 5.8 or slightly less than
six days. This means that there is hardly any information about the initial condition of the




γi∆Tn−i + ϵn, (3.6)
For the statistically preferred AR(8)-process as given by Eq. (3.6), the estimated parameters γi
are given in Table 3.4. The sample variance of the noise is σ2ϵ = 7.71K
2, slightly smaller than
for the AR(1)-process.
We again checked for a possible time dependence of the parameters. The error bars in
Table 3.4 reflect the resulting change when fitting different parts of the time series. The sample
variance of the noise varied as σ2ϵ = (7.71 ± 0.13)K2, corresponding again to a relative change
of 1.7% over time. As can be seen, almost all higher order parameters are very small and their
change over time is comparatively large, a confirmation of the assumption that the reduction
to an AR(1)-process would make more sense in this context.
Since the objective determination yielded an optimal order of p = 8 but an AR(1)-process
also looks very promising, we should test the model fit carefully for both cases to get a feeling
for the adequacy of each. Box and Jenkins[50] propose a thorough testing method for the case
of autoregressive models that we will adopt in the following.
Looking at the distribution of the residuals, we expect a normal distribution if the models fit
perfectly. Fig. 3.16 shows the normal probability plots (see Sec. 2.2.4) for the residuals after
fitting with an AR(1) and an AR(8) model. The probability plots show significant deviations
from the straight line expected for a normal distribution for both model orders. While revealing
some model inadequacies, the distributions therefore do not serve to show preference of one
model order over the other.
Apart from the distribution of the residuals ϵn itself, their autocorrelations also offer signif-
icant insight into the goodness of fit of the AR model. In fact, if the model were perfect and
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Figure 3.16: Normal probability plot of the residuals after fitting the Potsdam morning tem-
perature anomaly time series with an AR(1) model (left) and an AR(8) model
(right).


















































































Figure 3.17: Autocorrelation coefficients of the residuals after fitting the Potsdam morning tem-
perature anomaly time series with an AR(1) model (left) and with an AR(8) model
(right). The insets show the same data as the full figures but without lag 0 and
with added confidence bands for 3σ (red lines).
contained the correct parameters instead of their estimates, we would expect the residuals to be
uncorrelated. The estimated autocorrelations of the residuals should therefore be distributed
normally with mean 0 and standard deviation 1/n, where n denotes the total number of sample
points in the data[50].
Fig. 3.17 shows the autocorrelations of the residuals both after a fit with an AR(1) model
and with an AR(8) model. As can be seen, the autocorrelation coefficients for small lags are
encouragingly small for both models, but are indeed smaller for an AR(8) model10. However, the
addition of the 3σ confidence bands in the insets shows that while the AR(8)-process describes
the anomalies adequately and indeed all but one of the points lie within the confidence bands,
there are significant deviations for an AR(1)-process. They are all the more remarkable as they
occur for small lags, where constant confidence bands are larger than the actual confidence bands
should be so that they underestimate the significance of departures from normality there[50].
From these plots we can infer that the AR(8)-model indeed seems to be significantly better than
the AR(1)-model for the temperature anomaly time series.
In order to make the importance of such deviations from the expectation of uncorrelated
10The deviations from zero for lags up to the order of the fitted model are due to a seasonality in the model fit.
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Figure 3.18: P value of the Ljung-Box statistic applied to the residuals of the Potsdam morning
temperature anomaly time series fit with an AR(1) process (left panel) and an
AR(8) process (right panel) for different cutoff values of the lag in the autocorre-
lation function.
residuals more immediately accessible, Ljung and Box proposed a portmanteau statistic as a
summary measure to test for lack of fit[56]. It checks whether the deviations from zero of the
first few non-zero lags of the autocorrelation function of the residuals are compatible with the
assumption of purely statistical fluctuations (for more details on the procedure see Sec. 2.2.2).
Fig. 3.18 shows the resulting p value, i.e. the probability that the observed residuals are indeed
uncorrelated, plotted against the upper cutoff value of the lag used for the evaluation in the test.
As can be seen, randomness of the residuals is rejected clearly for every lag in the case of the
AR(1) model. For the AR(8) model, the fit is almost perfect up to lag 20, but then the goodness
of fit starts to decay rapidly, until randomness of the residuals is rejected consistently from lag
45 onwards. This means that the autocorrelation structure of the temperature anomalies is not
well represented by either model order, even though the AR(8) model is markedly better at
small lags.
The possible problem of some periodicity not accounted for by the chosen simplistic model
is not necessarily visible in the autocorrelation function, since it might be diluted over several
different lags. A slightly better measure is provided by a periodogram (see also Sec. 2.1.3),
where any such periodicities are amplified by the corresponding sine or cosine wave of the same
frequency. If the model were perfect and the residuals indeed white noise, the power spectral
density should be uniform over all possible frequencies.
Fig. 3.19 shows the estimates both for the residuals after fitting with an AR(1) process (left
panel) and with an AR(8) process (right panel). As can be seen, both estimates are rather
noisy but seem to show a reasonably uniform distribution, although the AR(8) process has less
deviations for smaller frequencies.
A sometimes better way of checking this, since it significantly reduces the fluctuations still
present in the periodogram estimates, is to switch to the cumulative distribution, i.e. the power
spectrum itself[50]. In Fig. 3.19 we have chosen the normalised version as stated in Eq. (3.7),
where C(fj) is the power up to frequency fj , S(fi) is the estimated power spectral density at
frequency fi, fS is the sampling frequency (fS = 365.2425 year
−1), L is the segment length
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Figure 3.19: Power spectral density estimates of the residuals of the Potsdam morning temper-
ature time series fit with an AR(1) process (left) and an AR(8) process (right) on
a semilog scale, obtained using Welch’s periodogram method with around 170 seg-
ments of length 512 data points with a 50% overlap of consecutive segments. The
insets show the same data, but summed to give the cumulative and then normalised
as given by Eq. (3.7).
For white noise, the normalised cumulative periodogram will be a straight line joining the points
(0, 0) and ( fS2 , 1). As can be seen in the insets of Fig. 3.19, the estimates for both the AR(1)
model and the AR(8) model are very close to the expected straight line, especially considering
that the model parameters were only estimated from the data, leading to additional errors.
This means that the models seem to represent the oscillations of the underlying dynamics quite
well, even though, again, there is a slight improvement for the AR(8)-process over the simpler
AR(1)-process.
Since most of the goodness of fit tests do not penalize the AR(1)-model overmuch when
compared to the higher order version and since the estimated higher order parameters are
vanishingly small but with large errors, it makes sense to stay with the simpler model. However,
the model checking procedure has revealed that the autocorrelation structure of the temperature
anomalies is not well represented by an autoregressive model. To further see how large a
drawback this is, we will check how well the sample autocorrelation function of the temperature
anomalies is fitted by the theoretical autocorrelation function of the AR(1)-process with the
estimated parameters. As can be seen in Fig. 3.20, the anomaly autocorrelation decays more
slowly than for the AR(1)-process and there seems to be some correlation left even at the largest
lag shown in the figure.
While the difference in quality between an AR(1) and the statistically preferred AR(8) process
is small so that the AR(1) process as the simpler model can be chosen from this class of model
processes, autoregressive processes in general do not capture the autocorrelation structure of
the temperature anomalies well. Indeed, the power spectrum of the anomalies is weakly red and
therefore shows a long memory of the underlying process contrary to the model, as previously
found by Caballero et al.[134]. One other problem is that the anomalies have a fatter tail
towards the negative side (see Fig. 3.5) but that the AR(1)-process can only generate a time
series that is distributed normally. Therefore, while the AR(1)-process might be taken as a first
approximation, there are some model deficiencies that need to be kept in mind.
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Figure 3.20: Sample autocorrelation coefficient of the Potsdam temperature anomaly time series
(black dots) and the autocorrelation function of the corresponding AR(1) model
process (blue line) for the first 400 lags.
3.5 First passage time distributions
3.5.1 First passage time to frost
In the next chapter, we will analyse the probability distributions P (tfrost|t0,∆T ) of the first
passage time to freezing temperatures tfrost conditioned on the initial temperature anomaly
∆T recorded on the initial date t0. Before conditioning on ∆T , however, we will first look at
the corresponding probability distributions P (tfrost|t0), which we will call unconditioned in the
following, and how they change throughout the calendar year.
Since our time series only comprises 118 years (from 1893 to 2010), such distributions have to
be reconstructed from at most 118 values for each t0. Moreover, to avoid cut-off artefacts from
the ending of the time series, we should only take initial anomalies ∆T from the years 1893 to
2009 so first passage times tfrost of up to 365 days are always possible, reducing the available
data to 117 values for each initial date.
To look at the first passage time distributions, we will also limit our analysis to initial temper-
atures T > 0 ℃ to consider only true threshold crossings.11 However, this additional exclusion
of data points results in even less data especially in winter and therefore also in very poor
statistics for a distribution estimate.
To avoid overly large statistical fluctuations, we will consider the anomaly time series to be
pseudo-stationary at least over shorter time intervals as already discussed in Sec. 3.3.1. We
will therefore use all anomalies recorded within time windows of a predefined width around the
desired initial date t0 as starting points, resulting in a repeated shifting of the anomaly time
series with respect to the corresponding climatology. In detail, if we are interested in the first
passage time from date t0, t0 ∈ {1, ..., 366}, to temperatures T ≤ 0 ℃ using a window width of
wt days around t0, then we consider all anomalies ∆Tj with |t0−j| ≤ ⌊wt/2⌋ as possible starting
values12. Then, for each such j which also satisfies ∆Tj + T̃t0 > 0 ℃, the first passage time to
frost tfrost is defined as the smallest number of days k, k ∈ N, for which ∆Tj+k + T̃t0+k ≤ 0 ℃.
11Including initial temperatures already below the threshold would mean considering also persistence effects.
These could, however, be reformulated as first passage time problems to an upper temperature threshold of
low absolute value.
12Of course, j = 366 (or j = 367 in the case of a leap year) is identified with j = 1, leading to windows that
can stretch across the boundary between two consecutive calendar years. Also, for simplicity, we will only
consider odd values of wt, so the desired initial date will be exactly at the center of each time window. The
special case of wt = 0 which recovers the unwindowed exact calculation with poor statistics will also be
included.
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Figure 3.21: Median (left panel) and interquartile range (right panel) of the probability distri-
bution P (tfrost|t0). The conditioning on t0 was done using only anomalies recorded
precisely on the date in question (dark blue), within windows of width 31 days
(green), 61 days (red) and 91 days (black) around t0, as well as using all recorded
anomalies (cyan).
Fig. 3.21 shows the change of the median and the interquartile range (IQR) of the resulting
first passage time distributions across the calendar year for different values of the window width
wt
13. In the following, such summary measures for the location will always give the number
of days until first frost, unless directly specified otherwise. Comparing the results for different
window widths, it can be seen that both for the median and the IQR the curves for wt = 31
days, wt = 61 days and wt = 91 days agree almost perfectly. However, a marked difference
between the window widths occurs around the maximum of the median of the first passage
time distributions, i.e. in early April. Here, the windows of one to three months in width seem
to overestimate the median slightly, but only by about a week on time scales of half a year
in total. However, simply using all anomalies independently of the date on which they were
recorded leads to a rather marked underestimation. This emphasizes the lack of stationarity in
the anomaly time series across the calendar year.
As with the location of the distribution, the spread also shows that using all anomalies irre-
spective of their recording date makes some serious changes to the first passage time distribution.
In fact, the spread is then seriously overestimated in summer and autumn and underestimated
in winter. This is consistent with the finding that the anomaly variance is much larger in winter
than in summer (see Fig. 3.10), a fact that is disregarded completely when considering the time
series as stationary.
Looking further at the IQR, one can also see that there is a hint of bimodality in the peak
in early April that disappears when using windowing. However, it is not clear whether this is
an artefact of this particular realisation or a serious effect that is lost when the anomaly time
series is considered to be stationary14.
Window widths of up to 3 months around the initial date therefore lead to a very good
13This choice was made to reduce the influence of outliers in the data. Indeed, looking at a single time series,
i.e. a single realisation of the underlying dynamical process, means that unusually long first passage times
affect many consecutive starting dates, since especially in winter the climatology is almost constant over
longer time periods. Windowing around the initial date enhances the influence of outliers even further. This
way of generating first passage times also leads to the relative smoothness of the curves despite the small
number of data points used for the calculation.
14Using the first passage times gathered from the initial anomalies with window width wt = 91 days and
randomly extracting a similarly reduced amount of data points to calculate the IQR with the same lack of
statistics only slightly increases fluctuations along the curve but fails to reproduce this bimodality effect or
any other fluctuations of similar magnitude. It should therefore not be due to the lack of statistics.
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Figure 3.22: Probability of observing freezing morning temperatures in Potsdam depending on
the date.
reproduction of the median and the IQR of P (tfrost|t0). A window width of 3 months therefore
seems a reasonable compromise between introducing a bias and reducing statistical fluctuations.
Looking once more at Fig. 3.21, one can see that there are four main characteristic regimes
for P (tfrost|t0). First, from mid November to the end of February, i.e. throughout winter, there
is a region where the distribution is very narrow with constant spread of around a week and
also constant median very close to 0 days, i.e. almost certain frost in the next few days. This is
confirmed by Fig. 3.22 that shows that in winter, the probability of a first passage time to frost
of one day is roughly between a half and two thirds.
The second and shorter region is in March, when the distribution acquires a large spread.
There, as soon as there is a large probability of first frost only after the summer, the median
and the IQR jump abruptly to times of around half a year. The third region is the plateau of
constant IQR of around a month and linearly decreasing median that extends from the beginning
of May to the beginning of October. This indicates a vanishing influence of t0 on P (tfrost|t0)
during summer with a first day of frost around November 1st. The fourth characteristic region
is the slow decrease of the IQR from the beginning of October to mid November, where the
decrease of the median is slowing down.
Taking initial dates representative of each of these four characteristic regions, we will now
look at kernel density estimates (see Sec. 2.1.2) of the full first passage time distributions for
these distinctive cases15. As can be seen in Fig. 3.23, for both cases with low median and low
interquartile range, i.e. for the initial dates February 14th and November 1st, P (tfrost|t0) has
a peak almost immediately after the initial date and then decays rapidly16. This was to be
expected when starting during a time when temperatures in general are rather low. Starting far
away from cold periods, namely on July 1st, P (tfrost|t0) resembles a normal distribution with a
peak around November 1st which is centered on the climatological date of first frost and, judging
from the previous figures, does not change in either location17 or spread with moderate changes
of t0. Finally, for t0 in spring around the time of the jump both in median and interquartile
range, one can see that P (tfrost|t0) becomes bimodal with a clear separation between next frost
15The theoretical support of the first passage time distributions is, of course, neither continuous nor unbounded.
However, if the support is restricted to positive values and the data are log-transformed and back-transformed
after the kernel density estimation, artificial oscillations will be introduced for small values. We therefore
dispensed with this more complicated scheme.
16Note that there is a significant difference in spread between these two examples.
17A median of the first passage time linearly decaying with increasing initial date corresponds to a fixed date
for the peak.
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Figure 3.23: Kernel density estimation of P (tfrost|t0) for four representative values of t0.
before and after summer18.
There are therefore three distinct regimes for P (tfrost|t0): For a date t0 when frost is very
likely to occur, the distribution of the first passage time is close to an exponential decay19 with
a peak in the very near future. For t0 in spring, there is a clear bimodality with frost on some
occasions not observed until the next winter, while on other occasions it still occurs rather
soon after the initial date. Finally, for t0 during a time when no frost is to be expected, we
observe an almost normal distribution centered around a fixed date and with a constant spread
independent of the exact value of t0.
3.5.2 Comparison to an AR(1) model process
One problem of the previous analysis, as already stated, is the lack of available data if only a
precise initial date is considered or if most of the data do not satisfy the condition of T > 0 ℃.
We therefore estimated parameters for an autoregressive model process in Sec. 3.4 to be able to
address this problem. Using this AR(1) model process to generate a time series of short-range
correlated anomalies of an equal number of data points as the temperature measurements, we
repeat our previous analysis20.
18The more Gaussian appearance of the earlier peak when compared to the distributions for initial dates in winter
is due to the choice of a slightly larger kernel width in the estimate to smooth out statistical fluctuations
in the second peak. That the estimated distribution begins before t0 is due to neglecting to consider the
bounded support of first passage times.
19It does, however, not truly match such a distribution.
20Using this model process, the future objective is of course to generate large ensembles of such anomaly time
series for every possible initial date. However, since we have only a single long realisation of the temperature
data, treating the AR(1) process exactly the same makes for a better comparison at this stage, since it then
also contains all smoothing and windowing artefacts, as well as statistical fluctuations present in the measured
data. In this way, any significant differences between model and data results are therefore due solely to the
inadequacy of the model process.
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Figure 3.24: Median (left panel) and interquartile range (right panel) of P (tfrost|t0) generated
from the temperature anomalies without windowing (green) and with a window
width of 91 days (black), as well as from the AR(1) model process without win-
dowing (blue) and with a window width of 91 days (red).
The most visible difference between model and data, as expected, is the evidence of stationar-
ity of the AR(1) anomalies: As can be seen in Fig. 3.24, the median and IQR of PAR(1)(tfrost|t0)
do not change when using all anomalies irrespective of the date on which they were recorded,
instead of only those in a window of width wt = 91days around t0.
However, when directly comparing Pdata(tfrost|t0) and PAR(1)(tfrost|t0), more differences emerge.
It is clearly visible in Fig. 3.24 that while PAR(1)(tfrost|t0) shows the same seasonal changes of the
location and spread as Pdata(tfrost|t0), the switching to the bimodal regime and the associated
jump in location occur at a slightly later time.21
This can be understood by looking at the probability distribution of both anomalies: The
anomalies obtained from the temperature measurements have a longer negative tail than the
normally distributed anomalies generated by the AR(1)-process. This tail does not contribute
to P (tfrost|t0) for t0 in March since the very low anomalies then do not satisfy the condition
of positive initial temperatures. However, the shorter positive anomaly tail in the data has
a correspondingly enlarged weight compared to a normal distribution. This leads to a slight
prevalence of higher temperatures in the data and thus to an earlier onset of first passage times
to dates beyond the summer. This earlier onset is then directly responsible for the slightly
longer passage times in the peak and the correspondingly broader distribution in the data.
Looking again directly at kernel density estimates of the full distributions for characteristic
initial dates, these results are substantiated by Fig. 3.25. While the AR(1) model seems to
reproduce the first passage time distributions almost perfectly for t0 in winter and comes quite
close for t0 in summer where it leads to only slightly earlier dates than the temperature data,
there is quite a large difference in the bimodal case. Indeed, the relative weight of the two
peaks is not reproduced well at all by the model, which underestimates the number of cases in
which frost will not occur until after summer. This is again due to the enhanced weight of large
positive anomalies from the temperature data when compared to a normal distribution.
The AR(1) model is therefore most appropriate for the estimation of P (tfrost|t0) for t0 in
winter or summer, but much less so when considering the rather more interesting case of t0 in
spring.
21The same conclusions apply if the model process is changed to the higher order AR(8)-process (see Sec. 3.4).
The curves from the AR(1) and the AR(8) process are almost indistinguishable.
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Figure 3.25: Kernel density estimation of Pdata(tfrost|t0) (black) and PAR(1)(tfrost|t0) (red) for
four representative initial dates.
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Figure 3.26: Median (left panel) and interquartile range (right panel) of Pdata(tfrost|t0) (black)
and PAR(1)(tfrost|t0) (red) for a windowing width of 91 days, as well as the cor-
responding statistics for Pdata(tT>13.8oC + 188|t0) (blue) and PAR(1)(tT>13.8oC +
188|t0) (green).
3.5.3 First passage time to 13.8 ℃
Until now only the first passage times to frost were considered, because of their special rele-
vance with regards to applications, for instance in agriculture and transportation. However,
it remains to be seen whether this is indeed also a special threshold with regards to the time
series themselves. To analyse this, we will now look at the first passage times to crossing the
threshold T = 13.8 ℃ from below. This threshold was chosen because it represents the mirror
quantile of T = 0 ℃ with regards to the median of the temperature distribution.
Fig. 3.26 shows the median and interquartile range of Pdata(tfrost|t0) and PAR(1)(tfrost|t0), as
well as those of Pdata(tT>13.8oC|t0) and PAR(1)(tT>13.8oC|t0), shifted by exactly half a year to
look for symmetries. It can be seen that while the general shape of the curves is indeed very
similar, there are some differences especially for the bimodal cases, that occur earlier for the
upper threshold and lead to larger median and IQR. The shift also shows that there are large
fluctuations present for the upper threshold for t0 in summer that do not occur for the lower
threshold. These are in fact a windowing artefact that disappears when only taking initial
anomalies recorded on t0 exactly into account (not shown here).
Therefore, while frost is a very significant threshold value in applications, its influence on the
first passage time distributions to a threshold crossing from above is not significantly different
from the mirror problem of a threshold crossing of T = 13.8 ℃ from below. It is therefore not
a special threshold value in the context of our analysis.
3.6 Conclusion
In order to show the predictive skill of statistical forecasts on seasonal time scales in the ex-
tratropics, we chose to analyse forecasts of the first passage time to frost in this thesis, as
more time-resolved forecasts of surface air temperatures are needed for many applications and
temperatures have longer intrinsic correlations and less measurement errors than for instance
precipitation.
Before starting on the predictions themselves in the next chapters, we first analysed the
measurement data. We used the daily morning temperatures from the Potsdam station, a
homogeneous time series containing 118 years of measurements without missing data points
and of good data quality with an accuracy of ±0.2K.
As any prediction effort will already score quite well by just predicting the seasonal cycle of
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the mean temperatures for each calendar day t0, we proceeded to model it using a global mean
and a sinusoidal model of the two main frequencies. After subtracting this climatology, we only
retain the temperature anomalies ∆T , i.e. the fluctuations around the mean seasonal cycle.
Estimating any conditional first passage time distribution P (tfrost|∆t, t0) from the data which
only contains 118 recorded values for each t0 poses the problem of very poor statistics. Taking
advantage of the assumed pseudo-stationarity of the anomaly time series, we wanted to relax
the conditioning on t0 and use all anomalies irrespective of the day they were recorded on. Then
we could simply add the correct value of the mean seasonal cycle for the desired dates to recover
a temperature time series.
However, some violations of the stationarity assumption were found in the anomaly time
series. The mean anomaly increases with time due to a temperature trend that was not removed
with the seasonal cycle. This directly influences the relative weight of different years within the
time series when conditioning on very large absolute values of ∆T . The trend is also reflected
in the autocorrelation function of the anomalies where it enters as the most obvious long-range
correlation. Nevertheless, as can be seen both in the actual trend magnitudes as given by
Table 3.3 and in the good climatological model fit for both the first and the last years in the
time series as shown in Fig. A.1, the trend magnitude is very small. Any trend estimation also
contains large errors, so that for the moment, we will not detrend the data.
Both the variance and the skewness of the anomaly distribution also show a dependence on
the calendar month in which the anomalies were recorded, influencing the relative weight of
different months in the analysis due to the use of time windowing for ∆T .
The violations of the stationarity assumption pose a bias-variance tradeoff problem between
obtaining adequate statistics for the estimation of conditional first passage time distributions
and avoiding the introduction of artefacts. As a compromise, we therefore chose to use a
window of three months’ width centered around the initial calendar day for our choice of initial
anomalies.
Another method to enhance the statistics for the conditional first passage time distributions
would be to model the anomalies using an autoregressive process. The AR(1)-process captures
the main characteristics of the temperature anomalies quite well. However, it evidently does
not capture the nonstationarities or the weakly red power spectrum, nor does it reproduce the
deviations from a normal distribution observed in the temperature anomalies.
Before starting the predictability analysis by looking at P (tfrost|∆T, t0), we first studied
the general shape of P (tfrost|t0). We found three distinct cases: An exponentially decaying
distribution if the initial day falls within the coldest months of the year, a bimodal distribution
for initial days in spring and a normal distribution with a mean first time of frost at the end of
October whose shape also does not depend on the exact initial date for a large period of time
in summer.
We were able to confirm that our choice of a 3 month window around the initial day for
the anomalies adequately reproduced the estimated distribution P (tfrost|t0) obtained without
windowing.
Studying PAR(1)(tfrost|t0), we found that the AR(1)-process was very adequate for initial days
in summer and winter but much less so for spring.
Finally also considering the mirror problem of a threshold crossing of T = 13.8 ℃ from
below, we found very similar unconditioned first passage time distributions to the case of first
frost, shifted by half a year. First frost is therefore not a special threshold with regard to the
time series, making our findings on time series predictability more general than if it were.
After thus concluding the preliminary analysis of the properties of the temperature data as
well as the possibilities of enhancing the statistics in the following, we can now start analysing
the predictability of first passage times to frost.
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4 First passage time prediction in
temperature data
4.1 Introduction
In the previous chapter, we have completed the preliminary analysis of the temperature data.
By subtracting the significant seasonal cycle, we obtained the more interesting fluctuations
around the long-time mean. This led to a temperature anomaly time series. Now we want to
turn to the goal of our thesis, namely the prediction of the first passage time to frost.
In a first step, however, we will analyse the potential of predictability contained in the data. If
the first passage time probability distribution does not depend on the initial conditions observed
on the day we issue a forecast, there is no possibility of a meaningful prediction. In mathematical
terms, this means that the conditional probability distributions P (tfrost|t0,∆T ) need to show a
non-trivial dependence not only on the initial date t0 but also on the initial anomaly ∆T . As
seen in the previous chapter, P (tfrost|t0) depends strongly on t0. In order to predict more than
the seasonal cycle, however, we will now need to see also the influence on the initial anomalies.
As stated before, our time series only contains 118 recorded values for each calendar day.
Even using a temporal window around t0, the number of data points in winter that fulfill the
condition T > 0 ℃ for any given calendar day is not large enough to further partition it into
too many initial anomaly categories. We will therefore need to coarse-grain also this second
initial condition significantly.
This leads to many parameters for estimating the probability distributions P (tfrost|t0,∆T ):
Not only the two different initial conditions can change, but also the extent of their coarse-
graining. Additionally, the use of an AR(1) model process to simulate temperature anomalies
as discussed before in Sec. 3.4 offers another prediction approach.
From this wealth of possibilities, we want to find the parameters for which the dependence
of P (tfrost|t0,∆T ) on ∆T is largest as this represents the true predictability potential. In order
to do this, we will first pick some exemplary parameter combinations and look at the resulting
distribution estimates to get a feel for the different dependences. In a next step, we will conduct
a more systematic analysis of the parameter dependences before concluding the predictability
evaluation with an analysis of two specific examples derived from possible applications of such
first passage time predictions.
In the second part of this chapter, we will then proceed to issue systematic first passage
time predictions for different application needs. Using appropriate forecast scoring schemes, we
will verify the quality of the predictions. The analysis of its change with different prediction
parameters provides the means to identify the best forecast schemes and the situations in which
such a data-based prediction provides significantly more information than simply long-term
averages.
4.2 Potential for predictability
Before proceeding to these full predictions for the first passage time problem, we will evaluate in
this section the potential for predictability contained in our time series. We will focus especially
on its dependence on the precise initial conditions. In the previous chapter, we have seen the
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Figure 4.1: First passage time distribution estimates for initial dates within a 3 month window
around July 1st (left panel) and November 1st (right panel) conditioned on initial
anomaly bands, with colder than average anomalies depicted in blue, average in
black and warmer than average anomalies in red. Normal kernels of width 3 days
(July) and 1 day (November) were used for the density estimation.
seasonality of the autocorrelation (as shown in Sec. 3.3.2). The AR(1) model process might be
used to enhance the statistics of the data. Its suitability, however, also varies across the calendar
year. Therefore, especially the initial date might have a large influence on the predictive power.
4.2.1 Change of first passage time distributions under conditioning
The first indication for potential predictability would be a distinct change in the first passage
time distribution if one conditions it on different initial temperature anomalies. If the first time
of frost depends on the precise conditions observed on the initial date, i.e. if Pdata(tfrost|t0,∆T )
shows a nontrivial dependence on ∆T , then some predictive power is contained in the time
series.
Estimating the full conditional first passage time distribution Pdata(tfrost|t0,∆T ) from the
data presents the challenge of retaining an adequate number of data points for the statistics.
We will therefore coarse-grain the condition on the initial date by taking t0 to mean t ∈ [t0 −
45, t0 + 45], i.e. by considering a 3 month window around it. We will also loosen the condition
on the initial temperature anomalies ∆T by considering only a separation into terciles, i.e. we
will condition the distribution on below average, average and above average initial anomalies.
This will be denoted in the following by ∆T (3).1
Fig. 4.1 shows the kernel density estimates of the resulting conditional probability distribu-
tions for initial dates of July 1st and November 1st, i.e. t0 = 183 and t0 = 306, as examples
2.
It can clearly be seen that starting in summer, the distributions resulting from different initial
anomaly terciles are indistinguishable, i.e. Pdata(tfrost|t0,∆T (3)) does not depend on ∆T (3) for
t0 = 183. This leads to the conclusion that there is no information about the date of first frost
contained in the time series this much in advance.
An initial date much closer to freezing temperatures on the other hand, namely November 1st
which has a climatological temperature T̃ = 4.3 ℃, results in larger differences between the
corresponding conditional first passage time distributions, as can be seen in the right panel of
Fig. 4.1.
1This specific choice of coarse-graining for the initial anomalies is made here for low statistical fluctuations.
Other coarse-graining schemes as well as their influence on the predictability potential will be discussed later.
2Conditional probability distributions for other values of t0 and also for more extreme initial anomaly bands,
as well as corresponding distributions gathered from the AR(1) process, are shown in Appendix B.2.
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Looking at the probability distributions for other initial dates t0, one can see that they do
indeed depend on the initial anomaly tercile ∆T (3) for most of the initial dates, except when
starting in the middle of summer. However, these differences are generally rather slight and
further analysis is needed to see whether they are even statistically significant.
Separating the initial conditions only into three categories is a very coarse-grained approach.
Weigel et al. suggested that looking at more extreme initial conditions instead of exact terciles
might significantly improve predictability[26]. Indeed, considering more extreme anomaly bands
of only 500 points each instead of the approximately 3500 data points in each tercile (depending
on t0) does seem to enhance the differences. However, as shown in Appendix B.2, they are still
slight enough that they would not necessarily be statistically significant considering the reduced
number of points to base the estimation on.
For the corresponding first passage time distribution estimates gathered from the AR(1)
model process, the results look very similar3. There are some notable differences though. For
initial dates very early in the year, the measured data contains some instances when first frost
does not occur until after summer. These do not exist in the model process. There, on the other
hand, starting in late spring, there are still some instances of frost in the immediate future that
are not observed in the data. In both cases, the distributions obtained from one time series are
slightly bimodal, while those from the other show only one peak.
Moreover, the figures in Appendix B.2 show that while for an initial date in July the data-
generated curves are nearly indistinguishable (as stated before), a slight shift in the location
of the peak might be contained in the AR(1)-generated data with the more extreme anomaly
bands. If this could be confirmed to be significant, it would be a very interesting finding: The
AR(1) process involved has a decorrelation time of around 5 to 6 days (see Sec. 3.4). That
some influence of the initial condition could be observed after around 120 days would be rather
unexpected. A Kolmogorov-Smirnov test of the null hypothesis that the 500 data points with
lowest initial anomaly and the 500 data points with highest initial anomaly were drawn from the
same underlying distribution returns a p value of p = 0.19. This probability is not sufficiently
small to reject the null hypothesis.
Even in the other cases where the differences between the data-derived first passage time
distributions and those generated from an AR(1) model appear to be very small, this is difficult
to evaluate without a direct comparison. Indeed, Fig. 4.2 shows two initial dates for which there
is some discrepancy between the two distributions that was not immediately apparent before.
Note that while only the middle anomaly tercile is plotted here, the results for the other terciles
are very similar. As can be seen, the relative weight of the two peaks observed in the bimodal
case with an initial date in April is indeed not the same for the data and the model. One might
even conjecture that the second peak occurs slightly earlier in the model case. A similar effect
is visible for an initial date in July, when the model shows first frost occurring with significant
probability a few days earlier than for the data.
Since the AR(1) model process seems to lead to similar results as the data for many initial
dates, it might still be used to improve the statistics of any prediction made. However, there
are some indications that the first passage times might then be underestimated such as a larger
weight of the earlier peak in the bimodal case or a slightly shorter mean first passage time for
autumn. The occurrence of some very large values in the data is also not supported by the
model. A more thorough analysis of model suitability is therefore necessary.
The preliminary analysis of the data has shown that initial dates in spring and autumn seem to
induce larger differences in the data-generated distributions than those in summer and winter4.
3See the more extensive representation in Appendix B.2.
4While the differences in winter appear quite large, part of this is due to the narrower support of the distributions
which results in a higher resolution in the figures.
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Figure 4.2: Conditional first passage time distribution estimates for the middle anomaly tercile
on two different initial dates. The black curve shows the temperature data-generated
case, the red curve depicts the case of anomalies generated by an AR(1) model
process.
This might albeit be a discouraging sign: In spring and autumn, the next frost day will very
probably occur within a short time frame. If the differences in distribution occur exclusively for
short first passage times within the usual prediction lead time of conventional weather forecasts,
then our scheme might not be very helpful. We will therefore in the following not only conduct
a more systematic analysis of the predictability effects for other parameters but also see which
effects are remaining on longer time scales.
4.2.2 Change of distribution summary measures under conditioning
In the next part we want to better assess the influence of the initial date on the predictability of
the time to first frost. We will therefore consider the effect of t0 on relevant summary measures
of the full conditional probability distributions P (tfrost|t0,∆T ), namely the median and the most
probable date of first frost, i.e. the location of the peak of the distribution. We also consider the
standard deviation, since the information content and therefore also the predictability increase
with narrowing distribution.
Figure 4.3 shows the dependence of these summary measures on t0 both for the measured
time series in the left panels and for the AR(1) model process on the right. As can immediately
be seen, the changes in these measures brought about by conditioning the first passage times
on ∆T (3) are very slight. Indeed, the median seems to diverge from the unconditioned case
P (tfrost|t0) only in autumn, the standard deviation mostly in winter, while there are no dis-
cernible differences in the most probable date of first frost. Note that the median and standard
deviation were not considered for initial dates in spring as these measures do not represent a
bimodal distribution well.
Looking more closely at the four initial dates considered as representative examples in Sec. 3.5,
one can see that both February 14th and April 1st were omitted here as they lead to slightly
bimodal distributions. This can also be seen in the two distinct peaks in the first passage time
distribution evidenced in the lowest panels of Fig. 4.3. For July 1st, no effects of the conditioning
are visible here, and the effect for November 1st is quite small and mostly consists of a slight
difference in the median. This confirms our findings of Sec. 4.2.1 rather well.
The differences between the data and the AR(1) model process are more startling. Indeed,
not only is the median for initial dates from May to October earlier by more than a week
for the model process, also the standard deviation for initial dates from June to November is
larger. Moreover, while the large standard deviation resulting from a residual bimodality of the
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Figure 4.3: Median (upper panels) and standard deviation (middle panels) of P (tfrost|t0,∆T (3)),
as well as the location of the peaks of maximum first passage time probability
(lower panels) for data-generated (left) and AR(1)-generated (right) temperature
anomalies. The continuous lines represent P (tfrost|t0), the lower tercile of ∆T is
represented by blue down-facing triangles, the middle tercile by black squares and
the upper anomaly tercile by red up-facing triangles.
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distribution is absent in the temperature data between May and February, its effects are still
visible in May in the model process. Since these effects are highly influenced by the conditioning
on initial anomalies, this leads to a large potential predictability in the model that is absent in
the measured data for these values of t0.
The dates of maximal first frost probability, i.e. the location of the peaks of the first passage
time distributions, also show significant differences between the model process and the data.
Indeed, the peak of first frost after summer appears earlier in the measured data, where the
peak of next frost still before summer also disappears earlier, as already seen in the respective
standard deviations.
While the predictability effects visible for our previous four example dates were rather slight
and therefore not too encouraging, this analysis discovered significant effects for other times of
the year. We will therefore choose four more initial dates that are representative of these and
should be looked at more closely: May 15th is a good example of the large difference in standard
deviation between model and data, where the bimodality vanishes earlier; September 15th rep-
resents a slight predictability effect in the standard deviation of the data but not the median,
contrary to the previous example of November 1st; October 1st shows the largest effect on the
median in the data, which however is almost absent in the model process; and December 1st
shows an effect in both median and standard deviation for data and model.
These eight chosen dates encompass the range of predictability effects contained in the time
series. In order to better evaluate these effects, we now need to look in more detail at the
influence of the initial anomaly ∆T on P (tfrost|t0,∆T ) for these eight dates t0.
We will therefore look at the summary measures of the conditional first passage time distri-
bution again, analysing how they change with increasing initial temperature anomaly ∆T . In
order to enable a more detailed evaluation, we change the coarse-graining of the initial anoma-
lies for each date t0 to deciles, i.e. ten separate groups of increasing magnitude, denoted in the
following by ∆T (10). Since the initial anomalies are subject to the additional condition of an
initial temperature T > 0 ℃, both the number and the actual anomaly values within a decile
differ from one initial date to the next.
Between November 1st and April 1st, the median of Pdata(tfrost|t0,∆T (10)) clearly depends
on the initial anomaly decile, as Fig. 4.4 shows exemplarily in the top left panel5. In order
to make sure that these effects are not due to statistical fluctuations arising because of the
limited number of data points for which the initial temperature still lies above 0 ℃, we used
the standard error from a bootstrap calculation with 1000 samples (see e.g. [26]) to obtain an
estimate of the statistical error6. This indicated that the dependence is indeed statistically
significant when considering a 95%-confidence interval. Note that this time our analysis does
include bimodal distributions for initial dates in spring. For this case, the mean directly reflects
the shifting relative weight of the two peaks and is thus an interesting quantity for predictability
even it is meaningless as an indication of the location of the distribution.
For an initial date of May 15th, no influence of the initial anomaly is visible. We would also
have expected this result for an initial date of July 1st, since the probability distributions for
different anomaly terciles were identical in Fig. 4.1. However, the top right panel of Fig. 4.4
shows that the mean seems to change slightly for the warmest initial anomalies. In this case,
however, the effect is rather small.
For initial dates in autumn, we observe the same as in summer: For initial anomalies in very
few extreme deciles (the cold ones in autumn, the warm ones in summer), the mean or median
of the distribution is different than in all other cases.
The spread of the conditional first passage time distributions on the other hand only shows a
5As before, a full display of all figures can be found in Appendix B.3, with only some illustrative examples
shown here.
6For more details on the bootstrap and the choice of the specific number of samples used here, see Sec. 2.2.6.
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Figure 4.4: Location and spread of Pdata(tfrost|t0,∆T (10)) measured in days, as well as the date
of the most probable time of first frost for different initial dates. The continuous
lines represent the mean of 1000 bootstrap samples from the data, the error bars
the corresponding 2σ confidence intervals.
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Figure 4.5: Location (left panel) and spread (right panel) of Pdata(tfrost|t0,∆T (10)) (black) and
PAR(1)(tfrost|t0,∆T (10)) (red) for two specific values of t0. The continuous lines
represent the mean of 1000 bootstrap samples from the data, the error bars the
corresponding 2σ confidence intervals.
similar dependence on ∆T (10) for the initial dates of December 1st and February 14th (as shown
in the middle left panel of Fig. 4.4), where it increases with the initial anomaly.
Interestingly, as can be seen in the middle right panel of Fig. 4.4, there are initial dates for
which the spread shows a clear but non-monotonic dependence on the initial anomaly. Thus the
first passage time distribution to frost contains more information for extreme initial anomalies
if one considers initial dates in late spring, while the spread is narrower for average ∆T (10) for
an initial date of September 15th.
Looking again at the location of the peaks of maximum probability in the distribution as
illustrated in the lowermost two panels of Fig. 4.4, it can be seen that there only seems to
be a dependence on ∆T (10) for initial dates from November 1st to mid February, with some
effect visible at least for the coldest anomalies already at the beginning of October. However,
the bimodality in the distributions with initial dates in spring becomes visible as early as
February 14th at least for larger anomaly values7.
The figures in Appendix B.3 not only show the summary measures of Pdata(tfrost|t0,∆T (10)),
but also those for PAR(1)(tfrost|t0,∆T (10)). Comparing their respective dependencies on ∆T (10)
allows us to get additional insights into the validity of the model for our purposes.
The left panel of Fig. 4.5 shows the largest mismatch between the data and the model in
terms of the mean (or median) of the first passage time distribution. Indeed, for initial dates
between April 1st and October 1st, the model severely underestimates the average time to first
frost by up to two months. During the winter months, however, the median of the measured
first passage time is well represented by the model process.
When considering the spread instead, a similar picture emerges. For initial dates between
April 1st and September 15th, there is a mismatch between the model and the data: Not only
the absolute value of the spread is different between the two time series, but also the functional
dependence on ∆T (10). This can be seen exemplarily in the right panel of Fig. 4.5. Only for an
initial date of November 1st the spread is well-represented by the model, with the other cases
leading to a similar picture at least within the error bars gathered from a bootstrap calculation.
The most directly obvious problem posed by the model process occurs in the peaks, i.e. the
dates of maximum first frost probability, as already seen before in Fig. 4.3. Indeed, the bimodal-
ity in the first passage time distribution occurs later in the model than in the data, leading to
7The bimodality in this case is very slight with between zero and five data points per decile indicating first
frost only after the summer.
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Figure 4.6: Location (left panel) and spread (right panel) of Pdata(tfrost|t0,∆T (10)) (black) and
PAR(1)(tfrost|t0,∆T (10)) (red) for tfrost > t0 + 8. The continuous lines represent the
mean of 1000 bootstrap samples from the data, the error bars the corresponding 2σ
confidence intervals.
initial dates for which the model shows cases of first frost still before summer that do not occur
in the data and vice versa.
Therefore, the model only represents the data well when considering initial dates in winter,
making it rather unsuitable for enhancing the statistics at any other time. Any results gathered
from longer simulated time series or an ensemble simulation using the model process should
therefore be viewed with caution. While this is at first glance somewhat disappointing, it also
shows that there are potentially still long-range correlations inherent in the data, an encouraging
result for the predictability of first frost for longer lead times.
Apart from showing the model inadequacies, we have also seen that predictability effects are
visible for initial dates roughly between September 15th and April 1st, while ∆T (10) does not
influence the first passage time distribution to frost for initial dates in summer. This is hardly
surprising as it suggests an upper bound on the lead time of any prediction efforts, meaning
that the initial date needs to be sufficiently close to the date of first frost for useful predictions.
However, since the largest effects of the initial condition can be observed when the first
passage time to frost is rather short, it gives rise to a different question. Since the current
operational weather forecasts are already useful for lead times of up to 8 days8, any prediction
scheme gleaned directly from the data should retain indications of predictability over a longer
time scale than this.
In the following, we shall therefore explore the persistence of the predictability effects when
conditioning additionally on first passage times larger than 8 days, i.e. P (tfrost|t0,∆T (10)) for
tfrost > t0 + 8. This excludes those cases for which the current operational weather forecasts
prove already adequate and thus focuses only on the addtional information obtained through
our approach. This analysis is superfluous for initial dates in summer such as July 1st, or indeed
already May 15th, since then all first passage times at least in the measured data are much larger
than two weeks and therefore fulfill the extra condition.
Since this additional conditioning further reduces the number of data points available, any
scheme to enhance the statistics would prove especially helpful here. We shall therefore again
include a comparison with results gathered through a single realisation of an AR(1) model
8The European Centre for Medium-Range Weather Forecasts defines the useful range of a deterministic forecast
as the time for which the anomaly correlation coefficient ACC, which can be used to determine potential
forecasting skill (see also Sec. 2.3.3) remains above 60%. This is currently the case for up to 8 days’ lead
time[137].
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process. From the overview of all relevant figures in Appendix B.4 and the two examples shown
in Fig. 4.6, it is immediately evident that the discrepancies between PAR(1)(tfrost|t0,∆T (10))
and Pdata(tfrost|t0,∆T (10)) for tfrost > t0 + 8 are still significant even though they are not quite
as large as for the full distributions. Therefore the model process definitely should not be used
to enhance the statistics of the measurements.
However, leaving the model concerns aside, Fig. 4.6 also shows evidence of some predictability
effects even after 8 days, although this does not hold for every t0. Indeed for autumn, i.e. Octo-
ber 1st, both the mean first passage time to frost beyond 8 days into the future and its standard
deviation still seem to be increasing with ∆T (10) (this is also valid for September 15th as shown
in App. B.4). For an initial date of November 1st on the other hand, only the standard deviation
still depends on the initial anomaly decile.
We therefore indeed find some effects beyond the lead time which is covered by operational
weather forecasts, but they are much less pronounced and occur for fewer initial dates than
when considering all first passage times.
For initial dates in the winter months where the additional condition of an initial temperature
above freezing drastically reduces the available number of data points, a scheme to compensate
the lack of statistics from the measured data would be highly desirable. However, the previous
parts have shown that using a simple AR(1) model process to this effect is not promising due
to the significant differences in the respective conditional first passage time distributions. Since
the predictability effects observed until now are very slight, a reduction of the errors involved in
any prediction scheme is desirable to obtain significant results but it does not seem achievable
by enhancing the statistics.
Sec. 4.2.1 has shown that changing the coarse-grained conditioning on ∆T from terciles to
much smaller bands of just 500 points each enhances the resulting differences in the distributions.
In the first part of Sec. 4.2.2, it could also be seen that there are some predictability effects
when conditioning on anomaly deciles that were not visible for terciles. Since the coarsening
into anomaly bands is necessary to retain a reasonable number of data points for the estimation
of Pdata(tfrost|t0,∆T ), an optimisation of the width of the initial anomaly bands might further
improve predictability.
To analyse this, we will separate all initial anomalies still corresponding to an initial tempera-
ture above freezing into two outer bands of equal number of data points containing the warmest
and coldest p% of anomalies. The third and middle band is then made up of all other initial
anomalies, i.e. (100− 2p)% of data points. This coarsening scheme of weighted initial anomaly
terciles will be designated in the following by ∆T (3w,p). We will now look at the change in
location and spread of the resulting conditional first passage time distributions with changing
outer anomaly bandwidth p in order to identify an optimum popt.
Fig. 4.7 shows three exemplary initial dates from the period between September 15th and
April 1st where predictability effects were found previously.9 As can be seen in the first row
for initial dates in autumn, the mean first passage time to frost is significantly different for the
lowest anomalies with differences in the mean of up to 10 days. The results for average and high
initial anomaly bands, however, cannot be distinguished. While this effect is significant over
almost the whole range of p, it increases for very small outer bands that only contain around
5% of all data points. Looking at the spread of the conditional first passage time distributions,
the influence of the anomaly bandwidth is much less clear.
Starting the predictability analysis later in the year on December 1st, the mean values for
the three anomaly bands are significantly different with very small bootstrapping errors. These
differences again extend over the whole range of anomaly bandwidths with an optimum around
9In fact, we confirmed that there are no anomaly bandwidths leading to the appearance of statistically significant
predictability effects for the previously used initial dates of May 15th and July 1st.
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Figure 4.7: Location and spread of Pdata(tfrost|t0,∆T (3w,p)) and their evolution with p for dif-
ferent values of t0. The results from the highest anomalies are depicted using red
upper triangles, from the middle anomalies with black squares, from the lowest
anomalies with blue lower triangles. The continuous black line shows the result for
Pdata(tfrost|t0). The error bars indicate the 2σ confidence interval obtained using
a bootstrap calculation with 1000 samples. The standard deviation is measured in
days, but contrary to before, the mean value is given here by the calendar day, where
October 1st corresponds to t = 275, December 1st to t = 335 and April 1st to t = 92.
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Figure 4.8: Optimal percentile of data points in the outer anomaly band when considering the
mean first passage time (left panel) or its standard deviation (right panel) depicted
by black dots. The light green squares show where popt leads to a statistically
significant distinguishability between the lower and upper anomaly bands, the dark
green squares show for which t0 this is also valid for ∆T
(3).
p = 5% and a corresponding maximal difference in mean of seven days. However, the mag-
nitude of this effect is almost the same for the optimum bandwidth and exact terciles. The
standard deviation of the first passage time distribution conditioned on the lowest anomalies
is significantly lower than in the unconditioned case, going so far as to drop to 0 days for the
smallest outer anomaly bands. This means that frost will occur with certainty on the next day
in these cases, a fact confirmed by the mean of day 337 of the calendar year in these cases,
which corresponds to December 2nd.
The bottom row in Fig. 4.7 shows the latest initial date within the period when some pre-
dictability can be observed, namely April 1st. In this case, the three anomaly bands lead to
mean first passage times to frost as far apart as 70 days between the outer bands. This large
value is of course due to the bimodality in the distribution for which the mean is an ill-suited lo-
cation measure. The difference here represents the changing weight of the two peaks rather than
a true shift in peak location. The observed differences in the mean again increase with smaller
outer bands, leading to an optimum of 2% as for even smaller bands the errors in the distri-
bution estimation become too large. However, as before the improvement of the optimum over
terciles is not large. The standard deviation in this case is much bigger than before due to the
bimodality. We can see here that the conditional distributions have smaller standard deviation
than the unconditioned one, something that ought to have a positive impact on predictability.
As Fig. 4.7 only highlighted the results for three different initial dates, we look at the optimal
anomaly bandwidth popt for all eight dates considered up to now in the following. Fig. 4.8
shows that if one is considering the mean value of Pdata(tfrost|t0,∆T (3w,p)), both using popt
and a separation into terciles lead to statistically significant differences between the upper and
lower anomaly bands10 except for those initial dates where no predictability effects were found
previously. The relative improvement in the separation of the mean first passage times for the
upper and lower anomaly band when changing from terciles to popt is smaller than 2%, except
in April when it is closer to 10%.
When looking at the standard deviation of Pdata(tfrost|t0,∆T (3w,p)) instead, the statistical
significance of the differences between the upper and lower initial anomaly bands is not nearly
as widespread as for the mean values. In fact, only in winter these differences are statistically
significant, but then this is again valid for both the optimum and terciles. However, in this
10A statistically significant difference in this case is taken to mean that the 2σ error bars obtained through a
bootstrap calculation with 1000 sample points do not overlap.
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Figure 4.9: Schematic showing in black the initial dates t0 for which predictability effects were
found in this and the previous subchapter.
case, the relative improvement of an optimal bandwidth over simple terciles in the statistically
significant cases of February 14th and December 1st is of the order of 50%.
The analysis of popt shows that even though optimal bandwidths do not introduce predictabil-
ity effects where there were none before, predictions might indeed be improved by choosing
∆T (3w,p) instead of ∆T (3). On the other hand, the improvement is overall rather small.
Summarising, predictability effects are almost non-existent for initial dates in the summer
months and very strong for initial dates during the winter, i.e. close to the threshold of frost.
If one excludes all first passage times that fall within the short lead times for useful current
operational weather forecasts, then slight predictability effects remain for initial dates between
January and March and between September and the end of November11.
To provide a clearer overview of the results from this section, Fig. 4.9 shows a schematic
summary of the initial dates for which predictability effects were observed.
4.2.3 Statistical tests of significance in distribution differences
Even though the error bars in the previous analysis help to assess the significance of the dif-
ferences in first passage time distributions conditioned on very low or high initial temperature
anomalies, the effects observed are not extremely large. Moreover, while bootstrapping is the
best method to assess errors caused by statistical fluctuations, it cannot produce data points
in the undersampled tails of the distributions and there are some issues when applying it to
correlated data[77]. Another limitation of the previous approach is the difficulty of summarising
results for different initial dates across the calendar year and gaining an insight into the more
precise seasonal evolution of these predictability effects. One way to evaluate this and to provide
additional evidence that the observed predictability effects are indeed significant are statistical
hypothesis tests (see Sec. 2.2). They can assess the difference in probability distribution or in
specific distribution summary measures such as mean or variance.
An important caveat is provided by Fig. 4.10: The null hypothesis that Pdata(tfrost|t0,∆T (3))
is a normal distribution for all t0 and ∆T
(3) is firmly rejected by a Jarque-Bera test (see also
Sec. 2.2.4). Since normality of the distribution is an underlying assumption of most other
hypothesis tests, this significantly reduces the available choices of statistical tests to confirm the
predictability effects observed in the previous section.
11The month of December was excluded from this analysis because the first passage times then almost exclusively
fall within the first week after the initial date and thus within the range of current model-based weather
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Figure 4.10: Results of a Jarque-Bera hypothesis test for Pdata(tfrost|t0,∆T (3)), as well as
Pdata(tfrost|t0). Black denotes the cases in which the null hypothesis of a normal
distribution was rejected with a significance level of α = 5%.
Figure 4.11: Results of a Kolmogorov-Smirnov hypothesis test comparing the first passage time
distributions conditioned on the initial date and different initial anomaly terciles.
Black denotes the cases in which the null hypothesis of equal underlying probability
distribution was rejected with a confidence level α = 5%.
The most robust remaining method is a Kolmogorov-Smirnov test that compares two cumu-
lative probability distributions directly, as introduced in Sec. 2.2.5. Fig. 4.11 shows a summary
of the resulting hypothesis test results with a significance level α = 5% for pairs of differently
conditioned first passage time distributions. As can be seen, conditioning on the middle initial
anomaly tercile mostly has no effect as the resulting distribution cannot be distinguished from
Pdata(tfrost|t0), except around the beginnings of April and October. However, in the winter half
of the year, the test firmly rejects the possibility of equal underlying probability distributions for
all other pairs. The first passage times are therefore clearly influenced by the initial conditions
and contain potential for predictability, confirming our previous results.
Moreover, interestingly, the Kolmogorov-Smirnov test also rejected the null hypothesis of
equal underlying distribution for initial dates in June, whenever first passage times conditioned
on the highest initial anomaly terciles were part of the comparison - a result that was not readily
visible in the previous section.
This can be seen more clearly in Fig. 4.12 which plots the p value of the test, i.e. the estimated
probability that the first passage time distributions conditioned on the initial date and the
lower or upper initial anomaly tercile were indeed drawn from the same underlying distribution.
There, two distinct stretches of initial dates for which the null hypothesis cannot be rejected
are visible, with a clear exception for the month of June in between.
forecasts.
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Figure 4.12: p value of the Kolmogorov-Smirnov hypothesis test comparing
Pdata(tfrost|t0,∆T (3)) with ∆T in the lower and upper tercile, i.e. the prob-
ability that the underlying distribution is one and the same. The horizontal red
line represents the 5% confidence level.
Since the earlier analysis showed even stronger predictability effects for smaller outer anomaly
bands, we repeated the Kolmogorov-Smirnov test using the lowest and highest decile as outer
bands. In this case, however, the p value of the test is larger than using terciles for 80% of all
initial dates. The distributions conditioned on the outer bands are thus less distinguishable by
the test overall. Also, the test fails to reject the null hypothesis of equal underlying probability
distribution for more initial dates if smaller outer bands are used. The scarcity of data points
when compared to full terciles therefore has a larger influence than the increase in differences
observed before.
Long periods of initial dates for which there are indeed statistically significant predictability
effects have become evident using the Kolmogorov-Smirnov test. This is very encouraging for
our efforts at issuing full predictions of first frost, especially since the hypothesis test used here
is rather conservative in cases of discrete distributions such as first passage times[70].
4.2.4 Predictability: Summary and examples
This section has revealed that the differences in Pdata(tfrost|t0,∆T ) are significant over a wide
range of initial dates, namely from mid September to the end of April. This was shown not
only through an analysis of the dependence of several distribution summary measures on the
initial anomaly decile but also through the use of a Kolmogorov-Smirnov test on the cumulative
conditional first passage time distributions.
This influence of the initial conditions on the first passage times leads us to conclude that
there is significant potential for predictability in the temperature data. In order to illustrate
the impact of these findings, we will in the following consider two specific consequences of these
distribution differences as examples of potential prediction tasks.
First, let us consider an initial date in spring, namely t0 = 92, i.e. April 1
st. As seen before
and as shown again in the left panel of Fig. 4.13, Pdata(tfrost|t0 = 92,∆T (10)) is bimodal with
a clear separation of the two peaks. The previous analysis has shown that the specific shape
of this distribution significantly depends on ∆T , i.e. on whether the observed temperature on
April 1st is warmer or colder than normal for this date.
In agriculture at this point in time, if it is already warm enough, one might start debating
whether to begin certain tasks such as for example sowing the fields or shearing the sheep. Both
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Figure 4.13: Conditional probability distribution of first frost for t0 = 92, i.e. April 1
st, and the
lowest (blue) and highest (red) initial anomaly decile (left panel). The resulting
probability of frost occurring before summer, depending on the initial anomaly
decile, is shown in the right panel. The continuous line represents the mean value
obtained through 1000 bootstrap calculations, the error bars show double the re-
sulting standard deviation.
are decisions rather sensitively depending on the temperature since one does not want to lose
seeds or sheep to freezing. It is therefore important to know whether the temperatures will drop
below 0 ℃ once again or not.
The right panel of Fig. 4.13 shows for each initial anomaly decile the probability of frost
occurring again before summer. As can be seen, this changes from around 70% if the current
temperature conditions on April 1st are still very cold to less than 40% if it is on the contrary
already very warm. There is therefore good potential of providing a measure of weighing the
gain of early action against the risk of loss if frost does indeed occur again.
The second example is an initial date in autumn, when Pdata(tfrost|t0,∆T ) is not bimodal, as
reminded in the left panel of Fig. 4.14 for an initial date of October 15th. In this case, questions
of deadlines arising from the approaching first occurrence of frost are of more interest. A car
owner might want to know the time he has left before he needs to mount the winter tires, a
winemaker needs to know when his latest opportunity to harvest the grapes is so they can fully
mature but do not freeze to death. The right panel of Fig. 4.14 shows that this date of first
frost shifts by almost a week depending on initial anomaly conditions.12
The analysis in this section thus indeed shows good potential for the prediction of such first
passage time related quantities. We will therefore move on to assess actually issued predictions
for several such more specific questions in the next section.
4.3 First passage time prediction
The last section has shown that Pdata(tfrost|t0,∆T ) depends on ∆T and therefore on the precise
initial conditions in a nontrivial way. These differences in probability distributions hold up to
statistical significance tests for most initial conditions. Looking at more specific examples such
as the probability of frost still before summer if t0 is in spring, there is a clear dependence on
the initial anomaly decile. However, actual predictions are needed in order to truly assess the
quality of purely data-based prediction schemes.
12Fig. 4.14 does not actually show the date of first frost, but the date for which in 10% of all cases frost has
already occurred. This was chosen to reduce the statistical fluctuations.
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Figure 4.14: Conditional probability distribution of first frost for an initial date of October 15th
and the lowest (blue) and highest (red) initial anomaly decile (left panel). The
right panel shows the resulting date for which in 10% of cases first frost has already
occurred, depending on the initial anomaly decile. Here, the continuous line again
represents the mean value obtained through 1000 bootstrap calculations, the error
bars show double the resulting standard deviation.
Up to now, we have taken all available data within our time series to perform the analyses.
However, forecast verification needs to be conducted out-of-sample, i.e. the data used to build
a prediction scheme should not be used to also verify it. In this way, the pitfalls of overfitting,
i.e. finding a prediction scheme that fits the time series specifically but does not generalise to
other data sets, can be avoided13.
In order to achieve out-of-sample predictions, we will start by calculating the climatology,
resulting anomalies and first passage times from the first 30 years of the time series, i.e. from
1893 to 1922. We then verify the predictions on the next year, namely 1923. This process can
be iterated so that we will use the whole time series up to the year 1923 to predict the data
measured in 1924, and so on. We therefore operate with a yearly updated forecast scheme.
Often, cross validation is used as an alternative, where only the verification year is left out
from the forecast process which therefore uses data both from the future and the past (see for
instance [49]). However, we chose the yearly update as it tends to underestimate the actual
future forecast skill rather than being overconfident, as the forecasts will mostly be based on
much shorter time series than those that are actual forecasts issued at the present time[74].
The actual forecasts and also the scoring used to assess their quality depend significantly on
the precise question one wants to answer and on the costs and benefits associated with wrong
or correct forecasts. In the case of the first passage time to frost, there are several distinct
possibilities.
4.3.1 Deterministic predictions
We will start with the most immediate prediction goal: A deterministic forecast of the specific
day on which we anticipate first frost to happen. But before proceeding to the predictions,
we still need a benchmark to compare the forecast scores against. This is usually the most
simple and uninformed scheme available that we intend to improve upon. In the case of the
deterministic forecast, the simplest prediction would be based on the climatology, since this
already describes how the temperatures change throughout the seasons. Depending on the
initial date t0, there are two possibilities: Either the climatological temperature T̃ is already
13For more information on forecast verification see Sec. 2.3.
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forecast scheme benchmark no ∆T ∆T (3) ∆T (3w,10) ∆T (10)
RMSE [days] 73.5 31.1 30.8 31.0 30.8
Table 4.1: Root mean square error for deterministic forecasts of the first day of frost, using
the climatology for the benchmark, an estimate of Pdata(tfrost|t0) and an estimate of
Pdata(tfrost|t0,∆T ) with differently coarse-grained initial anomalies ∆T .
below the threshold of 0 ℃. Then we expect frost to happen at any moment and issue the
forecast of 1 day for the first passage time to frost. If, on the other hand, T̃ > 0 ℃, then we
issue the time left until T̃ ≤ 0 ℃ as prediction. This is obviously independent both of the
initial temperature anomalies and of any knowledge of first passage time distributions.
To issue more informed predictions from the data, we use the mean of Pdata(tfrost|t0) to
compare the benchmark against another scheme that also does not use the initial anomalies.
We then also calculate the mean of Pdata(tfrost|t0,∆T ) with the condition on ∆T again coarse-
grained into terciles ∆T (3), weighted terciles ∆T (3w,p), and deciles ∆T (10).
The most accessible score for such a deterministic forecasting scheme is the root mean square
error (RMSE) as described in Sec. 2.3.3 that evaluates by how many days the forecast is off on
average. Table 4.1 lists the scoring results for the different forecasting schemes employed here.
As expected[80], the benchmark performs much worse than all predictions that rely on a first
passage time distribution estimate. This is mostly due to the correlations in the temperature
data that reduce the probability of temperatures falling below the threshold on the next day if
they currently still lie above it. In winter, the benchmark thus issues far too many forecasts of
tfrost = 1 day, corresponding to a large negative bias. Moreover in spring, when frost occurs in
the immediate future but the climatological temperatures are already positive, the benchmark
will be off by more than half a year. If the more informed forecasts based upon the mean
conditional probability are wrong, the error will only be about half as large. These differences
between forecasts and benchmark lead to a skill score, i.e. an improvement over the benchmark,
of around 58%. However, the different coarse-graining schemes of the initial anomalies do not
seem to have much influence on the prediction quality. The error of the RMSE value as given by
Eq.(4.1), where σ̂ denotes the standard deviation of the score values across all verification days
and n the total number of verification days, amounts to roughly 0.4 days14. They are therefore
statistically indistinguishable, and even the prediction based only on Pdata(tfrost|t0) does not







In the previous section, we have looked at the evolution of predictability with the initial date.
Using the deterministic predictions and evaluating each initial date t0 separatedly, we can assess
this seasonality in the prediction quality directly. Fig. 4.15 shows the resulting RMS error for the
prediction using ∆T (3). As expected, this reproduces the seasonality of the standard deviation
of Pdata(tfrost|t0) as shown previously in Fig. 3.21 quite nicely and confirms that predictions in
summer are less accurate than those in winter. However, the spread of the distribution is very
large in spring and the mean value does not represent a bimodal distribution at all well. The
deterministic predictions of a specific day of first frost therefore perform rather poorly for initial
dates in spring even though there were significant predictability effects then.
Fig. 4.15 also illustrates that the RMSE amounts to at least two weeks for most initial dates
across the calendar year. This shows that such a forecast directly from the data is in general
14Using a normal approximation to the distribution of MSE verification score values, we assume that they have
standard error given by σ̂/
√
n. Eq.(4.1) then gives the resulting error for the RMSE.
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Figure 4.15: Dependence of the root mean square error for the predictions using
Pdata(tfrost|t0,∆T (3)) on t0. The error bars were obtained using Eq.(4.1).
not very good and therefore also not very useful, even though it is still significantly better than
the benchmark forecast for most initial dates t0. Only in winter, when both forecast schemes
predict a first passage time to frost of 1 day, they are of comparable quality.
In Sec. 4.2.4, we looked at the date in autumn on which in 10% of all cases first frost after
summer had already occurred. This is a possible alternative for the deterministic forecast that
would score very badly with the root mean square error, since the RMSE is sensitive to larger
outliers. While the score used up to now is therefore good for conservative forecasts, it strongly
penalises schemes such as the benchmark or using the first observed day of frost instead of the
mean, where the errors will occur mostly in one direction and contain large outliers.
If one wants to know the first possible occurrence of frost and needs the exact day, i.e. if it
does not matter by how many days the forecast was off, but only if it was exactly correct or
not, then other scores are therefore much more appropriate. The most accessible of these is the
proportion correct (PC)15, the percentage of forecasts that fell on the correct day. This has
the added advantage of using discrete data such as first passage times without any continuity
assumption contrary to the RMSE.
The left panel of Fig. 4.16 compares the proportion correct of different forecasting schemes
that are all based on Pdata(tfrost|t0,∆T (3)). As can be seen, the mean first passage time to frost
actually performs worst when one wants the greatest possible number of correct forecasts, even
the benchmark is better for this requirement. This is in no small part due to the contribution
of initial dates with a bimodal first passage time distribution. Then, the mean value of the
distribution falls on a date in the middle of summer which has a vanishing probability of first
frost, while the other versions insure that the forecast date always has some probability of first
frost16. Among the other possibilities that all outperform the benchmark, choosing the date for
which in 10% of all cases first frost had already occurred in the training set proves to be the
forecasting scheme that most often predicts the correct date of first frost. However, it predicts
correctly only in roughly 6.5% of cases and is therefore not as accurate as might be desired
either.
The right panel of Fig. 4.16 shows that for the best prediction scheme in terms of the propor-
tion correct of the exact date of the prediction, one can indeed achieve an improvement over the
benchmark from spring to autumn, even though the absolute level is dismal for both schemes.
In winter, however, the benchmark can outperform the prediction scheme. This is in part due
15For more detail see Sec. 2.3.3.
16The case of the median is intermediate. If the two peaks have the same weight, then the median might actually
also fall in summer, but this occurs only very rarely.
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Figure 4.16: Comparison of different forecasting schemes based on the estimate of
Pdata(tfrost|t0,∆T (3)), namely using the first day after t0 with non-vanishing proba-
bility of frost, the date on which in 10% of all cases in the training set first frost after
t0 had already occurred, as well as the mean and the median of the distribution (left
panel). The horizontal line shows the proportion correct (PC) of the corresponding
benchmark forecast. All error bars show the estimated standard error of the mean
proportion correct. The right panel shows the seasonal variation of the PC of a
forecast of first frost using tforecast such that Pdata(tfrost ≤ tforecast|t0,∆T (3)) = 10%
(black) as well as the PC of the benchmark forecast (red).
to the fact that the proportion correct is heavily influenced by the most probable outcome[49].
If the most probable date of first frost is the next day (i.e. tfrost = t0 + 1), the benchmark is
always correct if the verification falls into this category and thus achieves better proportion
correct. However, in this case the error bars are very large (they are not shown in the figure for
clarity), so that this is not statistically significant.
The two scores employed in this section have shown that the best scheme to forecast the next
day of frost highly depends on the aim. If one wants to be closest to the true date on average,
then the RMSE shows that using the mean conditional first passage time to frost is the best
predictor. If on the other hand one needs to predict the exact correct date as often as possible,
using the date for which in 10% of all cases in the training set frost had already occurred proves
to be much better.
4.3.2 Binary predictions
As seen before, the deterministic forecasts are rather bad for initial dates in spring when the
first passage time distributions to frost are bimodal and the variation in observed first passage
times are therefore very large. However, in that case there is a more coarse-grained prediction
task that would be useful. It corresponds to the other predictability example addressed in the
previous section: Will there be frost again before the summer or not?
This is in fact a binary prediction of the event “next frost still before summer”, which aims
at a yes/no answer. In contrast to the deterministic predictions looked at until now, it will be
a prediction of the probability of the event occurring. While it does not answer the question
of how soon frost will occur, thus giving much less precise information, the answer is still very
important also in agriculture.
For these predictions, it does not make sense to look at initial dates across the calendar year,
since the duality of possible answers only occurs for t0 in spring. For all other t0, the rate of
occurrence of the event that is to be predicted is either 1 or 0, the outcome is certain and any
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Figure 4.17: Probability of frost still occurring before summer, i.e. the event rate for the binary
prediction, depending on the initial date t0.
prediction will be trivial. We are therefore only going to look at t0 ∈ [70, 123], i.e. at the period
between March 10th and May 2nd (see Fig. 4.17).
As before, we need a benchmark to compare the forecasts against and a score to rate our
forecast skill. We will again base our benchmark on the climatology, always issuing the climato-
logical rate r of frost still occurring before summer for the initial date t0 in question. The rate
is obtained with the same yearly update as the other forecasts following Eq.(4.2).17 This is,
of course, a much more refined benchmark than the one used for the deterministic predictions:
While it is independent of the initial temperature anomaly, it still makes use of first passage
time properties in addition to the climatology.
r = Pdata(tfrost < 183|t0) (4.2)
The most widespread score for this type of predictions is the Brier score as introduced in
Sec. 2.3.3. For an easier comparison with the benchmark, we will also look at the Brier skill
score (BSS) defined by Eq.(4.3). It directly measures the improvement of the forecasting scheme
over the benchmark forecast.
BSS = 1− ⟨BSforecast⟩
⟨BSbenchmark⟩
(4.3)
To get a first impression of the performance of our forecasting scheme, we will consider the
average of the Brier scores over the whole time period as previously determined, namely for
t0 ∈ [70, 123]. Table 4.2 shows the results. As can be seen, the scores are very close together.
It is therefore imperative to also assess the statistical significance of the observed differences.
However, the Brier score values for different verifications are not distributed according to a
normal distribution but they rather form several δ-peaks. The standard error of the mean is
therefore not an appropriate measure of the variation in the mean score that can be expected
from the procedure. We instead used the bootstrap method to get an idea of the statistical
significance of the improvement the forecast makes over the benchmark (for a more detailed
explanation see Sec. 2.2.6).
Table 4.2 shows that while all forecast schemes seem to improve on the benchmark, the overall
improvement is very slight with less than 4%. Moreover, taking into account the statistical errors
obtained through the bootstrap method, this improvement is not statistically significant for any
of the forecast schemes.
17Before summer here means before July 1st (t = 183). Note that the rate is calculated without coarse-graining
the initial condition on t0 in contrast to the other forecasts.
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benchmark ∆T (3) ∆T (3w,10) ∆T (10)
Brier score 0.139± 0.003 0.134± 0.003 0.136± 0.004 0.134± 0.003
Brier skill score 0% 3.3% 2.1% 3.4%
Table 4.2: Brier score and Brier skill score for different forecasting schemes and the benchmark
applied to initial dates t0 ∈ [70, 123]. The errors were determined using a bootstrap
procedure with 1000 samples.













Figure 4.18: Brier skill score comparing the binary forecast of frost still occurring before summer
using Pdata(tfrost|t0,∆T (3)) to the benchmark. The error bars were obtained using
twice the standard deviation of 1000 bootstrap samples, the horizontal red line
denotes no forecast improvement over the benchmark.
However, Brier skill scores using the climatology as a benchmark are often very low and are
thus considered a very harsh standard to measure a forecast against[90]. Looking at the Brier
scores themselves, a value of BS ≈ 0.14 lies at the lower end of the usually obtained score
values[85] and does therefore not appear to be uncompetitive overall.
However, the Brier score is also very rate-dependent, with good scores the easier to obtain
the rarer the event is. The forecast quality is therefore likely to change across the time window.
A summary score across the whole time window might therefore be dominated by regions with
large uncertainty that influence the average more strongly[138]. One should therefore also
look at the scores for each of the initial calendar days in order to consider quasi-homogeneous
subsamples.
Fig. 4.18 shows the change of the Brier skill score with the initial date. As t0 was chosen in
such a way that 0 < r < 1, there is no automatic certainty in the benchmark forecast in this
setup. As can be seen, while the rate is very close to r = 1, the errors for the Brier skill score
are very large due to the existence of very few non-events that act like outliers. Since the score
is very sensitive to the climatological rate, a single good forecast of a rare case happening, i.e. of
next frost only occurring after summer, results in a much better score than all other verifications,
therefore heavily influencing the mean score value. The same is true for the reverse case of r ≈ 0.
No statistically significant conclusions as to the forecast quality can therefore be gathered before
March 17th or after April 22th, leaving a very small useful forecasting window.
Within this window, there are a few calendar days when the forecast performs worse than the
benchmark. Most of these are at the beginning or end of this forecasting period, leaving only two
dates towards the middle of the window where the forecast quality is dismal, namely April 11th
and April 13th. For all other initial dates, the forecast outperforms the benchmark, although
the improvement is mostly between 0 and 5% and does not exceed 20% even considering the
error bars.
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Figure 4.19: Contour plot of the Brier skill score comparing the binary forecast of frost still
occurring before summer using Pdata(tfrost|t0,∆T (3w,p)) to the benchmark. White
denotes the region of negative skill scores, the other colours denote increasing skill
scores in increments of 2% from dark blue for BSS ∈ [0%, 2%] to dark red for
BSS ∈ [12%, 14%].
Up to now, we have only looked at prediction schemes with ∆T (3), ∆T (10) and ∆T (3w,10),
never assessing whether other methods of conditioning on the initial anomalies might improve
the prediction quality. Specifically using weighted terciles but for other widths of the outer
anomaly bands might be an interesting choice.
Fig. 4.19 shows the dependence of the Brier skill score both on the proportion p of the outer
initial anomaly bands and on the initial date t0. As can be seen, forecasts that perform worse
than the benchmark occur almost independently of p and mostly at the beginning of the analysed
time window and around mid April, where the two isolated dates were previously observed in
Fig. 4.18. Forecasts for t0 later than April 24
th, which were previously rejected for poor quality,
now appear reasonable, as the large errors were not considered in this case.
Interestingly, the previously considered exact terciles lead to the best forecasts for initial dates
in late March. The later the initial date, the smaller the outer initial anomaly bands should
be to obtain the best possible forecast quality. In late April, there is even an additional peak
of the BSS visible for outer anomaly bands that contain less than 10% of all initial anomalies
each.
Therefore, while the overall forecast quality across the whole time window for which there is
no certainty of the event is dismal, there are initial dates t0 for which a significant improvement
over the benchmark can be obtained.
4.3.3 Full probability prediction
Up to now, we have only looked at coarse-grained predictions, and in the binary case we only
issued forecasts for initial dates in spring and not across the whole calendar year. Now, we
will move on to predicting the probability of the next frost being in t days, but with an upper
maximal first passage time of tmax days. This means that we will use Pdata(tfrost|t0,∆T ) directly,
binned into daily probabilities with a single larger bin for tfrost ≥ tmax.
As a benchmark model, we first construct the histogram pt = Pdata(tfrost = 1|t− 1) from the
data, using only the cases in which the initial temperature on day t is still above freezing. We
then issue the probability distribution given by Eq.(4.4) as a forecast for the true distribution
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Figure 4.20: Ranked probability score (left panel) and ranked probability skill score (right panel)
of the full probability distribution prediction for a lead time of up to 30 days using
Pdata(tfrost|t0,∆T (3w,p)). The red horizontal line shows the score of the benchmark
forecast, the blue dashed line the score of the forecast using ∆T (10).
of first passage times to frost, for fixed t0 and i = {1, ..., tmax} days into the future:
p̂(tfrost = i|t0) = (1− p̂(tfrost = i− 1|t0)) · pt0+i, (4.4)
with p(tfrost = 0|t0) = 0 as we only consider initial temperatures above 0 ℃, and pt0+tmax := 1
so that the last bin contains the probability of tfrost ≥ tmax. This means that we only use
information about the probability of frost on the next day to construct the benchmark forecast
of the probability distribution of next frost, corresponding to a Markov-like approximation that
neglects longer correlations but respects the seasonal change of the frost base rate.
As this can be considered a categorical prediction with ordered categories, it is best verified
using the ranked probability score (RPS), as explained in more detail in Sec. 2.3.3. As before,
we start by estimating both the benchmark histogram pt+1 and the conditional first passage
time probabilities Pdata(tfrost|t0,∆T ) from the first 30 years of the data. We then forecast tfrost
for the next year before using next year’s data to first verify the forecasts and then reestimate
the histograms, thus implementing a yearly update of the forecasting algorithm, leading to
conservative estimates of forecast skill due to the reduced sample size[74].
As before, we coarse-grain the initial condition on the anomalies by using ∆T (3w,p) and
∆T (10), i.e. a separation into three bands, where the outer bands contain p% of all initial
anomalies each, and a separation into deciles. The scores of the resulting forecasts for tmax = 30
days can be seen in Fig. 4.20, where the left panel shows that all forecasts perform better than the
benchmark (red line), but three weighted bands of 30%, 40% and 30% of all initial anomalies
are best. The skill score is plotted in the right panel and shows that using our method, an
improvement of up to 7.5% over the benchmark forecast is possible.18
Of course the forecast quality also depends on the maximal first passage time tmax. Using
the three initial anomaly bands that were optimal for tmax = 30 days before, we analyse this
dependence in Fig. 4.21. As can be seen, both the benchmark and the forecast show a very
similar non-trivial dependence on the maximal first passage time with the forecast always beat-
ing the benchmark. As expected, the largest improvement over the benchmark with almost
12% is obtained for very short maximal first passgae times. There, persistence effects that are
18Note that the benchmark used for this forecast is much more refined than the one used for the deterministic
forecasts, as it also uses first passage time properties albeit only one day in advance. Moreover, the RPS






























Figure 4.21: Ranked probability score (left panel) and ranked probability skill score (right panel)
for the forecast using Pdata(tfrost|t0,∆T (3w,30)) for different maximal first passage
times.
prevalent in weather conditions cause the initial temperature anomaly to have a large influence
on the resulting first passage time to frost. For larger maximal first passage times, the skill
score rapidly drops until it attains a constant value of ≈ 6.5%. This occurs when all forecasting
skill is contained within the resolved time scale so any added resolution for the longest first
passage times does not change anything.
Since the forecast quality for deterministic and binary forecasts heavily changed with the
initial date and pooling forecasts might result in an overestimation of forecast skill[138, 76], we
will also analyse this dependence for the full probabilistic forecast. As can be seen at first glance
in Fig. 4.22, if the skill score is only coarsely colour-coded, the dependence on the size of the
outer initial anomaly bands is negligible, resulting in the striped appearance of the contour plot.
The initial date t0 on the other hand has again a large influence on the forecast quality. Indeed,
from May to the beginning of September both the forecast and the benchmark obtain perfect
scores, as all probability for frost lies in the last bin, namely tfrost ≥ tmax. In the first half
of September and for isolated days in spring and winter, the forecast actually performs worse
than the benchmark. This is due to the forecast already predicting frost with non-vanishing
probability for days that are closer to t0 than the maximal first passage time considered in the
forecast, when it seldom occurs, while the benchmark still does not put any probability there.
For the rest of the year, the forecast performs better than the benchmark, the improvement
even exceeding 10% (areas marked in red) for a sizable number of initial dates.
4.4 Conclusion
After preparing and analysing the temperature data itself, this chapter investigated the possi-
bilities of predicting the first passage time to frost exclusively from the time series.
In a first step we found that the conditional probability distribution of the next day of frost
Pdata(tfrost|t0,∆T ) depends in a non-trivial way on the initial temperature anomalies ∆T . This
means that the initial conditions influence the first passage time to frost and can be used for
predictions. This influence, however, holds true only if the initial date t0 lies in autumn or winter,
i.e. close enough to the next occurrence of frost. Indeed, for the median of the distribution this
dependence on ∆T was in evidence for t0 between November 1
st and April 1st.
As we have a limited amount of data available from the measured temperature time series,
we needed to coarse-grain the condition on the initial anomalies. By changing from exact to
weighted terciles, where the two outer ones contain p% of all anomalies each while the middle
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Figure 4.22: Contour plot of the ranked probability skill score using Pdata(tfrost|t0,∆T (3w,p))
with tmax = 30 days. White denotes perfect forecast and benchmark, dark blue
denotes forecasts worse than the benchmark, green are forecasts better than the
benchmark by less than 10% and red forecasts that are better than the benchmark
by more than 10%.
one is made up of (100 − 2p)%, the differences in Pdata(tfrost|t0,∆T ) were enhanced. The
improvement was, however, rather small.
Using an autoregressive model to simulate additional initial anomalies introduced systematic
errors in the estimation of Pdata(tfrost|t0,∆T ). This was therefore not a successful strategy to
improve the statistics and thus allow for a finer conditioning on the initial anomalies. However,
the discrepancies between model and measured time series shows that there are still long-term
correlations in the anomaly time series. This further indicates that there is indeed potential for
predictability.
In order to more conclusively analyse the significance of these predictability effects, we also
used a Kolmogorov-Smirnov test. It confirmed that the differences in Pdata(tfrost|t0,∆T ) be-
tween the highest and lowest initial anomaly tercile are indeed statistically significant for t0 in
the winter half of the calendar year or t0 in June.
Since the current operational weather models are useful only for up to 8 days into the future,
we analysed our findings also for the case tfrost > t0 + 8. We found that some of the effects for
initial dates t0 in autumn are even significant in this case - an encouraging finding for the use
of purely data-based prediction schemes.
To issue actual predictions of the next date of frost, we first needed to specify the forecast
task needed. The most immediate task that we started with was a deterministic forecast of
the exact date. A preliminary analysis showed that this date changes significantly with ∆T for
t0 = 289, i.e. October 15
th. Moving on to true forecasts and their out-of-sample verification,
we found results that differed strongly depending on the verification aim. If one wants to be as
close as possible on average to the next frost date, then the root mean square error (RMSE)
showed that a forecast based on the mean of Pdata(tfrost|t0,∆T ) always beats the benchmark,
regardless of the precise coarse-graining scheme used for ∆T . However, the absolute quality of
the forecast is not very good, as evidenced by a large RMSE. One might, however, rather want
to hit the correct date as often as possible or one might need the forecast to be earlier than the
actual date of first frost. For these forecast requirements, a forecast based upon the date on
which in 10% of all cases in the training set frost had already occurred led to a nice proportion
correct that again beat the benchmark.
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4.4 Conclusion
Actual predictions of the date are most relevant for initial dates in autumn and perform
worst for initial dates in spring. Then, when the probability distribution of first passage times
is bimodal, it is already of interest to predict occurrence within the first or rather the second
peak, i.e. before or after summer. A preliminary analysis showed that the probability of frost still
occurring before summer changes significantly with the initial anomalies. The actual forecast,
however, did not perform well across the whole time period when the first passage times are
bimodal and was, overall, actually not significantly better than the benchmark. Looking at the
initial dates t0 individually, however, showed that between March 20
th and April 18th, forecasts
that significantly outperform the benchmark are obtained. To obtain the best forecasts, a coarse-
graining of the initial anomalies as ∆T (3w,p) with p diminishing with t0 should be chosen.
As this prediction is only relevant for specific initial dates, we then moved on to a full fore-
cast of the probability distribution of the next date of frost. Predicting this for fully resolved
first passage times up to tmax = 30 days using again estimates of Pdata(tfrost|t0,∆T ) beat the
benchmark by around 7.5%. Analysing the seasonal changes in forecast quality, we saw that
for initial dates in summer, both forecast and benchmark performed perfectly, while for a short
time in early autumn the benchmark was actually better than the forecast. However, most of
the time, the forecast outperformed the benchmark, in some cases even by more than 10%.
We have therefore seen that there are significant indications for predictability in the temper-
ature anomaly time series. However, when looking at actual predictions, there were situations
in which the forecasts did not perform well and were, in some cases, even beaten by the chosen
benchmarks. Therefore, while the forecast quality was in general acceptable, there is still quite
some room for improvement.
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5 Improvement of the anomaly stationarity
5.1 Introduction
Chapter 4 has shown that while statistically significant predictability effects were found in the
temperature anomaly time series, the quality of the predictions themselves still leaves room for
improvement. Some of the problems might be due to the efforts needed to obtain enough data
to adequately estimate the full conditional probability distribution Pdata(tfrost|t0,∆T ). Indeed,
we did not only coarse-grain the condition on the initial anomalies ∆T by grouping them into
three or at most ten separate categories, we also coarse-grained the condition on the initial date
t0. By using all anomalies recorded in a time window of [t0 − 45, t0 + 45] and treating every
initial year equally, we effectively assumed stationarity of the time series not only over a period
of three months but also from one year to the next for the 118 years in total. In view of the
climate change debate and also the seasonal change of the circulation patterns, this assumption
is, as stated before in Sec. 3.3.1, rather daring.
Indeed, there is a positive trend contained in the Potsdam morning temperature time series.
It was carried over into the anomalies (see Sec. 3.3.1), since the climatology only took out the
mean and the yearly and twice-yearly frequency components but no polynomial contributions.
The trend magnitude of around 0.01 K/year as determined in Sec. 3.3.1 is small enough to
be considered negligible on the time scales of less than a year considered in the first passage
time distributions in Chapter 4. However, it does affect which initial anomalies are selected
in the conditioning on different anomaly bands and it therefore influences the whole prediction
procedure (see also [24]). Correcting the temperature time series for the trend would remove
these effects and collapse the anomaly distributions for different years that were previously
slightly shifted in mean. The resulting distribution is therefore less broad and could lead to
more precise results.
A trend also causes measurements at different times to be weakly related to each other, leading
to long-range correlation effects as found in Sec. 3.3.2. These might not only overshadow any
other correlations in the underlying dynamics, but also add to the model inadequacy of the
AR(1)-process (see Sec. 3.4). Correcting the time series for the trend might therefore also
better permit enhancing the statistics by modeling these new temperature anomalies with an
AR(1) model process. A trend correction could therefore improve the prediction task outcome
for several distinct reasons.
Apart from a trend, there was another stationarity problem revealed in Sec. 3.3.1: the sea-
sonality of the variance and of the shape of the anomaly distribution. This also affects the
selection of anomalies into bands for the prediction procedure - in this case across different
calendar months and not different years - thus also contributing potential artificial effects.
We will therefore in the following attempt to use a more involved procedure to construct a
new anomaly time series where, in addition to the seasonal cycle of the mean temperature as
previously, both the trend and the seasonality of the variance are removed.
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Figure 5.1: Mean Potsdam temperature over a running window of 5 years’ width (left panel),
as well as 30 years’ width (right panel).
5.2 Properties of the corrected anomaly time series
5.2.1 Construction of the new anomaly time series
We start by removing the temperature trend. To do this, we first simply calculate the running
average temperature over a time window of 5 years. This mean temperature is shown in Fig. 5.1.
There exist, of course, much more accurate and involved methods for determining actual trends
in the data (see also Sec. 3.3.1), especially in the presence of long-term correlations. However,
our goal is not to separate out any effects rather arising from oscillations on very large timescales
such as the longer cycles of the North Atlantic Oscillation (NAO) or even solar cycles. We are
not interested in the purest trend value possible but simply want to insure stationarity of
our resulting anomaly time series. Therefore the running average should be sufficient for our
purposes, but we will analyse the resulting time series in terms of stationarity in Sec. 5.2.2.
An interesting feature of this trend can be seen in the more coarse-grained calculation in the
right panel of Fig. 5.1: While the mean temperatures overall increase, there exists a period
between 1940 and 1970 where the trend appears to vanish and might even be slightly negative.
This general time dependence of the mean temperatures confirms previous findings for global
mean temperature anomalies gleaned from many data sets[139].
Having thus obtained an estimate of the temperature trend, we subtract it from the data to
obtain the detrended time series T detr. We then proceed with determining the climatology T̃ detr:
As described in Sec. 3.2.2, we first calculate the mean detrended temperature value for each
calendar day. Then we compute a smooth sinusoidal model using the yearly and twice-yearly
frequencies as given previously in Eq.(3.1). Subtracting this climatology from the detrended
temperatures, we obtain a preliminary anomaly time series.
Finally, we still need to divide out the seasonal variance as described in Eq. (5.1), where
σ̂i denotes the standard deviation of the preliminary anomalies recorded on calendar day i.
This hopefully makes the resulting final anomaly time series not only stationary across different
years, but also across different calendar months.
∆Ti =
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Figure 5.2: Probability distribution of the anomalies generated with additional detrending and
deseasoning of the variance, plotted both directly and on a semilogarithmic scale
(left panel), and in a normal probability plot (right panel). The red dashed lines in
both panels represent the corresponding figures for an exact normal distribution.
5.2.2 Stationarity issues and correlations
As there is no guarantee of true stationarity even after using this more involved way of deter-
mining the temperature anomalies, we will need to analyse the resulting time series carefully
again.
Fig. 5.2 shows that the probability distribution of the new anomalies can be considered nor-
mal1. There are only very slight deviations from the expected shape for a normal distribution
as marked by the red dashed lines, and they occur for very large anomaly values. The under-
sampling of these positive extremes might simply be due to the finiteness of the recorded time
series. Comparing this with Fig. A.12 shows that the heavier tail for the negative extremes has
vanished with this redefinition of the anomaly time series.
Another issue revealed in Sec. 3.3 was the change in anomaly distribution when conditioning
on different calendar months. The left panel of Fig. 5.3 confirms the findings of Fig. A.5, namely
that the deseasoning of the variance mostly remedies this seasonality. However, it also shows
that the distribution still shifts in skewness over the calendar months so not all seasonal changes
have been eliminated. The right panel also shows that while there are still some differences in the
mean anomaly across the calendar months, they have diminished considerably when compared
with the earlier definition of the anomalies as used in Chapters 3 and 4. So while some issues
with the stationarity of the probability distribution remain, they are not as glaring as before.
However, the difference in skewness of the distribution still shifts the anomaly range in the
course of a calendar year. While this only affects the more extreme anomalies, it still gives more
weight to some months than to others when selecting initial anomaly bands. Therefore, even
this more involved way of constructing the anomaly time series did not manage to render the
selection procedure free from seasonal influences. However, the changes in anomaly range are
rather slow and smooth so this effect should be less important for the new anomaly time series
than for the original one.
Another concern with the anomaly selection procedure for the conditioning was the trend in
the data. Fig. 5.4 shows in the right panel that the fraction of anomalies in each decile of the
distribution that is coming from the first half of the time series systematically depended on the
percentile of the distribution. After detrending, it now fluctuates around the expected value
of 50%, as can be seen in the left panel. The trend in the temperature data is therefore not a
concern anymore.
1For an explanation of the normal probability plot see Sec. 2.2.4
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Figure 5.3: Seasonality of the anomaly probability distribution across the calendar months. The
left panel shows its mean (magenta), median (cyan), quartiles (green) and extrema
(blue) for each calendar month. The right panel shows only the monthly mean (black
line), as well as the corresponding values for the previous anomaly time series (red
dashed line).









































































Figure 5.4: Fraction of anomalies in each decile that was recorded in the earlier half of the time
series, i.e. between 1893 and 1951. The left panel shows the result for the time series
with improved stationarity, the right panel for the original version.









































































Figure 5.5: Autocorrelation function of the anomaly time series with improved stationarity for
two different zoom depths (left panel), as well as on a double-logarithmic scale (right
panel) and a semilogarithmic scale (right panel, inset).
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Figure 5.6: Cumulative anomalies as defined in Eq. (3.3) for the anomaly time series with im-
proved stationarity (blue line) and ten different surrogate realisations (black lines).
With the detrending, one aspect of the temperature time series that was leading to the
appearance of long-range correlations in the data has been removed. This will have changed the
autocorrelation structure of the anomaly time series. If only short-range correlations remained,
we would expect an exponential decay of the autocorrelation function. Fig. 5.5 shows, however,
that the autocorrelation function looks remarkably similar to that obtained using the previous
anomaly definition (shown in Fig. 3.13). Indeed, the right panel confirms that the small lags
can be approximated by an exponential decay, but that there is a crossover to a much slower
decay. Therefore, removing the temperature trend did not remove all long-term correlations in
the data.
To better visualise these correlations, Fig. 5.6 shows again the fluctuation landscape of these
new anomalies, as defined before in Eq. (3.3). Contrary to the previous anomaly time series,
whose fluctuation landscape was shown in Fig. 3.14, the deviations from the zero line are
much smaller in this case and their amplitude is not distinguishable from that of the surrogate
realisations. It has, however, a systematic-looking shape, leading to the conclusion that while the
true long-range correlations were removed with the detrending, there are remaining correlations
on an intermediate time scale.
It has been found previously that the autocorrelation structure in temperatures is seasonal,
with a greater persistence in summer than in winter[134]. Now that this effect in the correlations
cannot be overshadowed by the temperature trend and the seasonality of the variance any
longer, we analysed whether this seasonality of correlations was carried over into the anomaly
time series.
Fig. 5.7 shows that the autocorrelation structure of the winter anomalies indeed decays less
rapidly than that for all the other seasons, confirming longer persistence in winter. The other
three seasons, however, have a rather similar autocorrelation structure. While the stationarity
of the anomalies has been improved across the calendar months, this result shows that the time
series is not stationary enough to further coarse-grain the conditioning on t0 in the estimation
of Pdata(tfrost|t0).
5.2.3 Modeling with an AR process
The removal of the long-range correlations means that any low-order autoregressive model
should be more adequate for this new anomaly time series than for the previous version. This is
further supported by the truly normal distribution of the anomalies as seen in Fig. 5.2. Testing
the optimal model order as described in Sec. 2.1.4 leads to the conclusion that most criteria
again agree on an optimal order of p = 8 and also still show the large improvement already
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Figure 5.7: Autocorrelation coefficients for winter (blue dots), spring (red plus signs), summer
(green crosses), and autumn anomalies (black triangles), averaged over the 118 years
in the anomaly time series. The inset shows a zoom into small lags on a semiloga-
rithmic scale.












































Figure 5.8: Normal probability plots of the residuals after fitting the anomaly time series with
an AR(1)-process (left panel) and an AR(8)-process (right panel).
for p = 1 with much smaller corrections for the higher model orders. However, the improved
criterion as defined by Schwarz yields an optimal order of p = 5 and the reflection coefficients
of the partial autocorrelation function have equal optimal results for p = 10 and p = 20.
Staying with the previous results of p = 1 and p = 8, we calculate the residual probabil-
ity distributions after subtracting the autoregressive models from the anomalies. As shown
through their normal probability plots in Fig. 5.8 (see also Sec. 2.2.4), both the AR(1) and the
AR(8) process lead to a normal residual distribution with slight deviations for the more extreme
anomalies, as was to be expected. There is no difference in model fit quality detectable directly
from the residual distribution.
However, trying to determine the capacity of the two models to fit the correlation structure of
the anomaly time series, significant differences are visible. Fig. 5.9 shows that while the AR(1)-
process is rejected consistently, the AR(8)-process can capture the correlation structure of the
anomalies to some extent: While the p value of the observed Ljung-Box test statistic again
declines rapidly beyond lag 20 (compare to Fig. 3.18), it stays above any probability usually
taken as low enough to reject the null hypothesis of equal correlation structure. The AR(8)-
process is therefore a better model for the temperature anomalies than the AR(1)-process.
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Figure 5.9: P value from the Ljung-Box test statistic for the anomaly time series with improved
stationarity fitted with an AR(1) process (left panel), and an AR(8)-process (right
panel).















































Figure 5.10: Median and interquartile range of Pdata(tfrost|t0, y = 1965) for different window
widths wt of 31 days (green), 61 days (red) and 91 days (black) around t0, as well
as using all available anomalies (cyan) and only those recorded on t0 itself (blue).
5.2.4 First passage time properties
We will now turn to the properties of the first passage time distributions to frost P (tfrost|t0, y) as
in Sec. 3.5. In this case, we again consider all anomalies ∆Tj with |t0 − j| ≤ ⌊wt/2⌋ as possible
starting values. The additional detrending and deseasoning means that now, for each such j
which also satisfies σ̂t0 ·∆Tj+T trendt0 +T̃
detr
t0 > 0 ℃, the first passage time to frost tfrost is defined
as the smallest number of days k, k ∈ N, for which σ̂t0+k ·∆Tj+k+T trendy,t0+k+ T̃
detr
t0+k
≤ 0 ℃. Since
the trend T trend differs between calendar years, the distribution does not only depend on the
specific calendar day t0, but also on the calendar year y. For the start, we will do our analysis
with y = 1965 fixed, i.e. with a mean value corresponding to the global mean temperature across
the whole time series, before analysing the influence of different initial years.
Fig. 5.10 shows that both the median and the interquartile range of Pdata(tfrost|t0, y = 1965)
are independent of the anomaly window width wt. Contrary to before, even choosing the
anomalies entirely independently from the date they were recorded on does not change the
location or spread of the resulting first passage time distribution from those obtained from
anomalies only recorded on t0 itself. The stationarity of the anomaly time series has therefore
been improved drastically, aiding in recovering better statistics than before.
As seen in Sec. 5.2.3, this increased stationarity has also led to an increased goodness of
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Figure 5.11: Median and interquartile range of Pdata(tfrost|t0, y = 1965) and PAR(8)(tfrost|t0, y =
1965) for two different window widths wt (1 day and 91 days).
fit of the AR(8) process to the anomalies. However, Fig. 5.11 shows that while the location
and spread of Pdata(tfrost|t0, y = 1965) and PAR(8)(tfrost|t0, y = 1965) are very similar, some
essential differences remain. Indeed, the model process seems to show a slightly earlier jump
to first passage times after the summer than the data and then also a slightly later date with
maximum probability of first frost in autumn. Even though the goodness of fit was certainly
encouraging, these differences show that the difficulties using the very simple model to generate
more anomalies for better statistics remain.
Fig. 5.12 shows the full first passage time distributions for both the AR(8) model and the data
using four representative dates. It can be seen that while the date of maximum probability can
be reproduced by the model process except for initial dates in summer, the relative weight of
the two peaks in the bimodal case is represented wrongly. This directly explains the difference
in the precise date on which the shift to a greater weight at later dates occurs. Therefore, the
model introduces systematic errors that still make it inherently unsuitable for the prediction
task even with this new anomaly time series.
Interestingly, one cannot help but notice that the distribution estimates from the data and
the model process shown in Fig. 5.12 seem to match even worse than those obtained with the
less elaborate anomaly definition match those obtained from the statistically less suited and
simpler AR(1) model process (see Fig. 3.25).
Up to now, we have always considered y = 1965, when the mean temperature was closest to
the global average. However, this would not be very representative for other years, when the
mean temperature differs from the global average by more than 1 ℃. In the following, we shall
therefore analyse the influence of the initial year on the first passage time probability to frost.
As can be seen from Fig. 5.13, there is, as expected, a marked influence of different mean
values on Pdata(tfrost|t0, y). The spread of the first passage time distribution is only significantly
affected in spring when the mean temperature determines the exact date at which the later peak
for frost after summer acquires the larger weight. The location, however, depends on y almost
across the whole calendar year, with a first passage time difference outside of spring of as much
as three weeks.
This can also be seen in the full first passage time distributions shown in Fig. 5.14. There the
differences are slight for t0 in late winter but appear quite remarkable when looking at initial
dates in spring, going so far as to determine whether frost before or after summer is more likely.
In summer, the mean first passage time is also shifted by about two weeks depending on y. The
precise choice of the mean temperature value therefore greatly influences the first passage time
distributions.
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Figure 5.12: Kernel density estimates of Pdata(tfrost|t0, y = 1965) in black and
PAR(8)(tfrost|t0, y = 1965) in red for initial dates t0 of February 14th (top
left panel), April 1st (top right), July 1st (bottom left) and November 1st (bottom
right).



































Figure 5.13: Median and interquartile range of an estimate of Pdata(tfrost|t0, y) where all anoma-
lies were considered for each value of t0. The initial year was chosen as that with the
minimal value (y = 1941, in black), the global average value (y = 1965, in red) and
the maximal value (y = 1999, in green) of the 5 year running mean temperature.
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Figure 5.14: Kernel density estimates of the first passage time distributions starting on Febru-
ary 14th (upper left panel), April 1st (upper right panel) and July 1st (bottom
panel) using an anomaly window wt of 91 days around t0. The initial year was
chosen for minimal (black), average (red) and maximal (green) mean temperature.


























w = 3 days
























w = 2 days
Figure 5.15: Kernel density estimates of Pdata(tfrost|t0, y = 1941,∆T (3)) for two different values
of t0, showing the lowest anomaly tercile in blue, average anomalies in black and
the highest anomaly tercile in red. The distribution estimates were obtained by




5.3.1 Change of first passage time distributions under conditioning
Moving on to the first passage time distribution to frost conditioned also on the initial anomaly
terciles2, we can see that there are again some predictability effects visible in the differences
between the respective probability distributions. While the full spread of figures is displayed
in Appendix B.5 for the three different initial years representing the minimum, average and
maximum mean temperature, Fig. 5.15 contains two examples.
The left panel shows the case of an initial date of 15 May 1941, when different initial anomalies
do not seem to have any influence on the resulting first passage time distribution. In the right
panel, the opposite can be seen for an initial date of 1 November 1941, when the date of maximal
first frost probability shifts by a week between the cases of low and high initial anomalies.
When comparing the effects to the results of the previous analysis for the time series without
improved stationarity shown in Appendix B.2, it becomes evident that they do not seem to
have changed markedly. The initial date of May 15th shows the largest difference, as there are
still some very small first passage times present in the distribution, forming a long left tail that
was not there in the original time series.
The results from the AR(8) model process are also depicted fully in Appendix B.5. Com-
paring them to those generated directly from the measured temperature time series, one can
immediately see that for an initial date of February 14th, the long and vanishingly small tails
that extend until after the summer are missing in the model. This means that first frost does
not occur nearly as late anymore in the model as in some instances in the data. The figures also
hint at some other differences in spread and location between the corresponding first passage
time distributions, but this is less immediately apparent.
We therefore again looked at a direct comparison between the first passage time distribution
estimates from the data and the model for equal conditions. Fig. 5.16 shows two representative
examples, illustrating in the left panel that the model can still lead to a reversal in the relative
importance of the two peaks in the case of a bimodal distribution when compared to the data.
For initial dates in the summer, as seen in the right panel, the AR(8) process even consistently
overestimates the mean first passage time to frost.
Table 5.1 shows an overview of representative examples where the model-based estimate of the
conditional first passage time probability differs significantly from the measured data. As can
be seen, simulating temperature anomalies using the AR(8) model introduces systematic errors
in the first passage time that would harm any prediction effort. This reflects the seasonality still
present for instance in the skewness of the anomalies which acts as a correlation on longer time
scales. Also the seasonality in the autocorrelations introduces a seasonality in the goodness of
fit of the AR parameters. Even though the model fit was good in the more general tests in
Sec. 5.2.3, using it to enhance the statistics even for this more stationary version of the anomaly
time series remains problematic.
5.3.2 Change of distribution summary measures under conditioning
Continuing the model fit analysis, Fig. 5.17 shows a more systematic comparison for initial dates
across the calendar year, again using an initial year of average temperatures. As can be seen, the
median of the first passage time distribution lies about ten days later in the model than in the
2Due to the seasonality of the correlations and skewness of the anomalies, we have again chosen to use 3 month
windows around the initial dates, even though Fig. 5.10 has shown that all anomalies might be used for this
time series. However, we found that using the whole anomaly time series does not improve or in any way
change the results of the predictability analysis.
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Figure 5.16: Conditional first passage time probability distribution for 1 April 1965 with the
upper anomaly tercile and 1 July 1965 with the lower anomaly tercile estimated
from the measured data (black) and the AR(8) model process (red).
t0 y Problem with the model fit
February 14th 1941 and 1965 slight probability of frost after summer only in the data
May 15th 1999 slight probability of frost still before summer only in the data
April 1st 1941 and 1965 difference in the relative peak weight up to a reversal
summer 1941 and 1965 mean first passage time consistently later in the model
Table 5.1: Illustrative examples of parameters for which Pdata(tfrost|t0, y,∆T (3)) and
PAR(8)(tfrost|t0, y,∆T (3)) differ significantly.
data for initial dates between the beginning of May and mid November.3 Also, the difference in
median between the lower initial anomaly tercile and the other initial conditions that is visible
in autumn starts around two weeks later in the model than in the data. These results are also
observed when using an initial year with minimal mean temperature; for an initial year with
maximal mean temperature, the difference in median between the lower anomaly tercile and
the others even starts almost six weeks later in the model than in the data (not shown here).
The model also underestimates the standard deviation of the first passage time distribution
for initial dates between May and mid October and from mid December to mid January as
shown in Fig. 5.17. A difference in the standard deviation for the upper initial anomaly tercile
when compared to the other initial conditions is visible in the data in late spring to summer
(at least for years with average and maximum mean temperatures), but not in evidence in the
model. However, the model shows a difference in standard deviation of the lower initial anomaly
band in autumn (for an initial year with minimum and average mean temperature) that is not
in evidence in the data.
Lastly, the bimodality in the first passage time lasts around two weeks longer in the data
than in the model and the peak of first frost after summer takes also place later in the model
than in the data. This is in nice agreement with the later median observed in the model before.
After this analysis, we have seen that the model not only misrepresents the precise timing
of first frost events, but also the existence of predictability effects for specific initial conditions.
Therefore, the model truly is not representing the data well even when the stationarity of the
anomaly time series is significantly improved. This is a very interesting finding indeed: In the
original anomaly time series, much of the model failure could be attributed more to the lack
of stationarity in the anomaly data than to any long-range correlations in the data that would
3The bimodal distributions were again excluded when calculating the median and standard deviation.
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Figure 5.17: Median, standard deviation (in days) and location of the peaks of maximum prob-
ability of Pdata(tfrost|t0, y,∆T (3)). The lower initial anomaly tercile is depicted
using blue downward triangles, the middle with black squares and the upper with
red upward triangles. The continuous lines represent P (tfrost|t0, y). In three cases,
PAR(8)(tfrost|t0, y,∆T (3)) is shown instead (as noted directly on the figures).
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allow for true predictability. However, the lack of model suitability actually persists here, even
though the stationarity is much improved and the AR(8) model is actually not rejected over
a large range of lags anymore (see Sec. 5.2). This suggests that there are indeed long-range
correlations in the data.
Having rejected the model, we will again turn to a more thorough analysis of the predictability
effects visible across the calendar year for the three different initial years considered up to now.
Fig. 5.17 shows that when considering the median of the first passage time distribution, only for
initial dates from October to mid December any differences between the initial anomaly terciles
are in evidence. These effects are slightly more pronounced for the initial years with average
or maximum mean temperature. However, these effects appear about a week later than for the
previous time series analysed in Fig. 4.3. Except for some initial dates in mid December of a
year with maximum mean temperature, they are also smaller than before.
For the standard deviation, some predictability effects are visible for initial dates in May
and June, especially for an initial year with maximum mean temperature. This was not the
case for the previous version of the anomaly time series. The predictability effects occurring in
December and January do also seem slightly larger than before for an initial year with maximal
mean temperature, but not changed in the other cases.
In the peaks of maximum probability, as before, no predictability effects are visible.
Moving from a separation into terciles to the dependence of the first passage time distribution
on initial anomaly deciles, we again look for predictability effects for the previously considered
eight different initial dates and three different initial years. An overview of all relevant figures
can be found in Appendix B.6.
The median of Pdata(tfrost|t0, y,∆T (10)) shows a strong systematic dependence on ∆T (10)
between October and April that slowly diminishes with t0. For April 1
st, the mean4 shifts by
as much as 50 days depending on the initial anomaly decile. This reflects the changing weight
of the two peaks of the distribution. These effects are most pronounced for y = 1999 and least
pronounced for y = 1941.
For the spread, the effects are less clear. Only for t0 in winter a significant dependence on
∆T (10) is visible with a notable exception for December 1st when the spread drops to zero,
i.e. certain frost on the next day. The magnitude of these effects does not appear to change
consistently with the initial year. For the initial date of April 1st, the influence of the different
initial years is, however, very large: Here, it determines whether the standard deviation increases
or decreases with the initial anomaly decile or is indeed independent from it. This can be
understood when thinking about the origin of the large spread: If the initial conditions contain
both a high initial mean temperature due to y = 1999 and high initial anomalies, then the peak
of early frost in the bimodal case has very low weight so that its contribution to the standard
deviation decreases, resulting in a lower overall standard deviation. The opposite case of low
initial mean temperature due to y = 1941 and low initial anomalies results in a corresponding
decrease of the standard deviation due to a highly suppressed later peak of next frost only after
summer. For y = 1999, the standard deviation therefore decreases with ∆T while for y = 1941,
it increases.
When looking at the peak of maximum first frost probability, a dependence on the initial
anomaly is only visible for initial dates during winter as before and then slightly more so for an
initial year with maximal mean temperature than for the other cases.
Comparing these results more directly to those gathered from the original time series as
detailed in Sec. 4.2.2 and Appendix B.3, we can better assess whether the more involved way
of constructing anomalies from the temperature measurements constitutes an improvement.
4The mean was again chosen as the more robust measure for disconnected bimodal distributions.
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Figure 5.18: Results of a Jarque-Bera hypothesis test for Pdata(tfrost|t0, y = 1941,∆T (3)), as well
as Pdata(tfrost|t0, y = 1941). Black denotes the cases in which the null hypothesis
of a normal distribution was rejected with a significance level of α = 5%.
For initial dates in summer, i.e. July 1st and September 15th, this new anomaly time series
actually mostly yields less indications of predictability than the earlier version, especially when
considering the mean of the conditional first passage time distributions.
For initial dates in winter and spring, i.e. December 1st, February 14th and April 1st, the
comparison yields no clear conclusion: For some initial years, there is a definite improvement,
for others this new anomaly time series actually leads to worse results, while in some cases the
results are very similar.
For the other three cases of May 15th, October 1st and November 1st, however, there is a
definite improvement in the predictability effects, meaning that the dependence of key summary
measures of the conditional first passage time distributions on the initial anomalies is generally
more pronounced in this case than before. This means that the more short-term prediction is
improved, impacting both initial dates in autumn when the date of first frost is close, and the
last dates in spring for which frost might still be observed within the next days.
5.3.3 Statistical tests of significance in distribution differences
To verify that the predictability effects are statistically significant also for this version of the
anomaly time series, we again use statistical hypothesis tests. In keeping with the results
for the anomaly time series without detrending, we start by checking whether the underlying
conditional first passage time distributions are still not normal for this case. A Jarque-Bera
hypothesis test as introduced in Sec. 2.2.4 confirms that Pdata(tfrost|t0, y,∆T ) is almost never
a normal distribution. Fig. 5.18 shows the test results for y = 1941, i.e. a minimal average
temperature, which has the most instances for which the test cannot reject the null hypothesis.
Starting instead with y = 1999, there are no such exceptions any longer, the null hypothesis of
normality is then rejected for all other parameter values.
The Kolmogorov-Smirnov test that was introduced in Sec. 2.2.5 is therefore still the most
suitable one for the conditional first passage time distributions. For the detrended anomaly
time series, we again looked at test results for three different initial years y. Fig. 5.19 shows
the case with the least indications of predictability, namely y = 1965. It contains the largest
number of parameter values for which the equality of the underlying probability distribution
could not be rejected with a confidence of 5%. As can be seen, the null hypothesis can still
mostly be rejected during the winter half of the year, while the distributions are very similar in
the summer half. The first passage time to frost is therefore, as expected, still not predictable
for t0 in summer.
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Figure 5.19: Results of a Kolmogorov-Smirnov hypothesis test with a confidence level α = 5%
comparing Pdata(tfrost|t0, y = 1965,∆T (3)) for the different initial anomaly terciles,
as well as Pdata(tfrost|t0, y = 1941). Black denotes the cases in which the null
hypothesis of equal underlying probability distribution was rejected.
time series non-detrended detrended detrended detrended
∆T y=1941 y=1965 y=1999
lower and middle tercile 234 247 237 228
lower and upper tercile 274 263 248 275
lower tercile and unconditioned 225 221 211 206
middle and upper tercile 245 221 210 211
middle tercile and unconditioned 70 56 68 109
upper tercile and unconditioned 220 213 212 213
Table 5.2: Number of initial calendar days t0 for which the Pdata(tfrost|t0, y,∆T (3)) for different
combinations of ∆T are statistically distinguishable by a Kolmogorov-Smirnov test
with confidence level α = 5%. Unconditioned refers to Pdata(tfrost|t0, y).
However, the results of the test are very similar to those for the non-detrended anomaly time
series as displayed before in Fig. 4.11. It is therefore not apparent whether the more involved
method of generating anomalies from the temperature time series has led to an improvement
in predictability indicators, such as an increase in initial days for which the conditional first
passage time distributions to frost depend significantly on the initial conditions. In order to
better evaluate this, Table 5.2 shows a summary for both anomaly time series, with the number
of days for which the difference in distribution is significant for different combinations of initial
anomaly conditions.
As expected, the first passage time distributions conditioned on the lower and upper initial
anomaly tercile are the most distinguishable with a Kolmogorov-Smirnov test. More surpris-
ingly, however, the non-detrended time series generally shows more distinguishable days than
the detrended time series on average. In two thirds of the cases it even shows more than all
of the initial years analysed here for the detrended time series. This directly implies that the
detrending diminishes the predictability effects.
A closer look at the p value of the Kolmogorov-Smirnov test for Pdata(tfrost|t0,∆T (3)) with
∆T in the lower and upper initial anomaly tercile for both the non-detrended and the detrended
time series is taken in Fig. 5.20. For the latter, we chose the initial year y = 1999 when the
predictability effects extend over the same number of initial days t0 as for the non-detrended
time series. The differences are not as slight as suggested by the almost equal time span for
which the p value exceeds the confidence level α = 5%. In spring, the detrended time series
performs better, with many cases close to the limit but not above it. In mid summer, however,
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Figure 5.20: p value of the Kolmogorov-Smirnov test comparing Pdata(tfrost|t0, y = 1999,∆T (3))
with ∆T in the lower and upper tercile, i.e. the probability that the underlying
distribution is one and the same. The left panel shows the detrended temperature
anomalies, the right panel the simpler approach (see Fig. 4.12). The horizontal
lines represent the 5% confidence level.
there are no predictability effects in the detrended time series, when at the end of July there
was some distinguishability in the non-detrended time series.
While the statistical hypothesis test hints that detrending the anomaly time series does not
only fail to improve the predictability of first frost, it is not quite conclusive enough to state
that it indeed makes it even worse. After all, even with less calendar days on which the
underlying probability distribution are significantly different so that a forecast can make use of
these effects, the differences on the distinguishable days might be much larger thus still leading
to an improvement of the forecasts that the Kolmogorov-Smirnov test could not judge. We will
therefore need a direct comparison of actual first frost forecasts to be able to make a definite
statement.
5.3.4 Predictability: Summary and examples
Before looking at full predictions of the first passage time to frost in the next section, we first
evaluate the two examples of predictability already shown in Sec. 4.2.4 for the non-detrended
time series: The probability of frost occurring before summer when conditioning on an initial
date on April 1st and the date of first frost when conditioning on an initial date on October 15th.
Fig. 5.21 shows again a nice dependence of the probability of frost occurring again before
the summer both for an initial year with minimal mean temperature and an initial year with
maximal mean temperature. As can be seen from a direct comparison of the two cases, this
probability is very dependent upon the initial year. Indeed the probabilities for y = 1999 are
lower by around 30% than those for y = 1941.5
Comparing the detrended time series again to the earlier non-detrended version as shown in
Fig. 4.13, we see a change in probability across the anomaly deciles of slightly less than 30%
for y = 1999 and around 22% for y = 1941 in the detrended time series. For the non-detrended
case it was around 30%, confirming the earlier conclusion that the detrending did not enhance
the predictability.
Moving on to initial dates in October, we again looked at the date on which in 10% of all
cases first frost had already occurred. This was chosen to minimise the influence of outliers
and statistical fluctuations. Fig. 5.22 again shows a nice dependence of this date on the initial
5y = 1965 yields a result between the two shown here. This case was therefore left out in favour of displaying
the limiting cases.
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Figure 5.21: Probability of frost occurring before summer depending on the initial anomaly
decile for an initial date of 1 April 1941 (left panel) and 1 April 1999 (right panel).
The straight line represents the mean value obtained through 1000 bootstrap cal-
culations, the error bars show double the resulting standard deviation.
























































Figure 5.22: Date for which in 10% of cases first frost has already occurred, depending on the
initial anomaly decile, for an initial date of 15 October 1941 (left panel) and 15
October 1999 (right panel). The straight line again represents the mean value
obtained through 1000 bootstrap calculations, the error bars show double the re-
sulting standard deviation.
anomaly decile both for y = 1941 and y = 1999. Again, this influence is stronger for an initial
year with maximal mean temperature, where the initial date shifts by 9 days from the lowest
to the highest initial anomaly decile. By comparison, for the initial year with minimal mean
temperature the difference is only around 4 days.
Compared to the non-detrended time series as shown in Fig. 4.14, this is not conclusive:
In that case, the date shifted by 6 days, which is the same result as for the initial year with
average mean temperature. It therefore seems that in years with a high mean temperature,
these predictability effects are stronger or at least equal to the non-detrended case, while for
years with a low mean temperature, they are weaker than in the non-detrended case. In order
to fully evaluate the usefulness of the detrending, we will however need to look at the actual
predictions that also take into account the actual composition of the time series into years with
low, average and high mean temperature.
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forecast scheme benchmark no ∆T ∆T (3) ∆T (3w,10) ∆T (10)
RMSE [days] 73.5 31.7 31.5 31.6 31.4
RMSE (original prediction) [days] 73.5 31.1 30.8 31.0 30.8
Table 5.3: Root mean square error of deterministic forecasts of the first day of frost for the
time series with improved stationarity and for the simpler original version (see Table
4.1). The benchmark forecast uses the climatology, the others the mean values of
an estimate of Pdata(tfrost|t0) and an estimate of Pdata(tfrost|t0,∆T ) for differently
coarse-grained initial anomalies ∆T .
5.4 Actual predictions
5.4.1 Deterministic prediction
As in Sec. 4.3.1, we will start by considering the deterministic prediction task of forecasting an
actual day on which we expect first frost to happen. We construct our prediction by calculating
the mean of the estimated Pdata(tfrost|t0,∆T ), again with different coarse-graining schemes of
the initial anomalies ∆T . The benchmark is chosen as before, i.e. we forecast tfrost = t0 + 1
if T̃ (t0) ≤ 0 ℃. For T̃ (t0) > 0 ℃, we issue the remaining time to the date on which the
climatological temperature drops below this threshold as a forecast.
Table 5.3 lists the resulting root mean square error (RMSE) of the prediction both for this
new temperature anomaly time series with improved stationarity and for the original time series
used in Chapter 4. The error of the RMSE score as obtained through the standard error of the
mean is 0.4 days for all different cases considered here. As can be seen, the prediction using
the more involved definition of temperature anomalies actually performs slightly worse than
the original time series for all different prediction schemes used here. Considering the error
of the prediction scores, this distinction, while systematic, does not appear to be statistically
significant.
Moving on to the second score, namely the proportion correct (PC) which does not aim at
predictions that lie as close to the verification on average as possible, but rather those that are
as often correct as possible, we come to a different conclusion. As Table 5.4 shows, the PC is
higher for the more involved anomaly definition. This even goes so far as to be statistically
significant if one issues the date on which in 10% of all cases frost has already happened, or
alternatively the mean of the distribution, as forecasts. Considering that calculating separate
confidence intervals for each score is less powerful for determining significant differences than
calculating a single confidence interval for the score difference to see whether it includes the zero
or not, this is a very significant finding[75, 76]. However, the PC is still not very high overall.
The more involved definition of temperature anomalies therefore does not help with prediction
quality as hoped for. The only improvement it has brought is a slightly higher proportion correct
of the prediction, meaning that the correct date is forecast a little more often, even though the
effect is small. The root mean square error, on the other hand, does not truly distinguish
between the two possibilities explored up to now.
5.4.2 Binary forecasts
Changing to the binary forecasting of next frost still occurring before summer, we again look
first at the whole prediction time window as determined from the benchmark in Sec. 4.3.2.
Table 5.5 shows that not only the predictions are again not statistically distinguishable from
the benchmark forecast, but they also score worse than those obtained from the original version
of the anomaly time series as considered in Chapter 4.
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forecast scheme benchmark first date date of p = 10% mean median
PC [%] 3.4± 0.1 6.0± 0.2 7.2± 0.2 3.8± 0.1 4.3± 0.1
PC (original prediction) [%] 3.4± 0.1 6.0± 0.2 6.7± 0.2 2.9± 0.1 4.2± 0.1
Table 5.4: Proportion correct of different forecasting schemes for the time series with improved
stationarity and for the simpler original version, verifying how often the exact day of
first frost was forecast. The benchmark again uses the climatology, the forecasts are
based on different measures of the estimate of Pdata(tfrost|t0,∆T (3)), namely the first
day with non-vanishing probability of frost, the date on which in 10% of all cases in
the training set first frost after winter had already occurred, as well as the mean and
the median of the distribution. The errors were obtained using the standard error of
the mean proportion correct.
benchmark ∆T (3) ∆T (3w,10) ∆T (10)
Brier score (BS) 0.139± 0.003 0.139± 0.004 0.140± 0.004 0.138± 0.004
Brier skill score (BSS) 0% 0.3% −0.8% 0.6%
BS (original anomalies) 0.139± 0.003 0.134± 0.003 0.136± 0.004 0.134± 0.003
BSS (original anomalies) 0% 3.3% 2.1% 3.4%
Table 5.5: Brier score and Brier skill score applied to initial dates t0 ∈ [70, 123] for differ-
ent forecasting schemes obtained from both the anomaly time series with improved
stationarity and the original version, as well as the benchmark. The errors were
determined using a bootstrap procedure with 1000 samples.
As the quality of the predictions for the original time series depended sigificantly on the initial
date t0, we again look at the variation of the Brier skill score across the time period considered
for the binary predictions. Fig. 5.23 shows the new results and for better comparison also again
the previous results for the original version of the anomaly time series. Note that the earliest
dates in the prediction window were omitted for the new results as the error bars were too large
to permit any conclusions to be drawn. As can be seen, the forecast quality is again rather
low - compared to the original time series there are even more days for which the benchmark
performs better than the forecast.6
To analyse the possibility of improving the forecasts by using weighted terciles with different
anomaly band widths p, Fig. 5.24 shows the dependence of the Brier skill score both on p and
on t0. Only for initial dates around April 9
th, the forecasts perform well for a large range of
p. For other values of t0, the forecast performs mostly similar or worse than the one obtained
from the original version of the anomaly time series. The regions in parameter space for which
the benchmark actually outperforms the forecasts have also grown. The reduced amplitude of
the error bars in the left panel of Fig. 5.23, however, makes the conclusions drawn from this
contour plot more reliable.
Improving the stationarity did therefore not have a positive impact on the binary forecasts.
5.4.3 Probabilistic forecasts
Finally moving on to the probabilistic forecast of the full first passage time distribution up to
a maximal first passage time tmax, we will check whether improving the overall stationarity of
the time series had a negative impact also in this case.
6Note that the benchmark for the binary forecasts is based on the estimate of Pdata(tfrost|t0, y). It is therefore






























Figure 5.23: Brier skill score comparing the binary forecast of frost still occurring before summer
using Pdata(tfrost|t0,∆T (3)) to the benchmark both for the anomaly time series
with improved stationarity (left panel) and for the original version (right panel -
see Fig. 4.18). The error bars were obtained using twice the standard deviation of
























Figure 5.24: Contour plot of the Brier skill score comparing the binary forecast of frost still
occurring before summer using Pdata(tfrost|t0,∆T (3w,p)) to the benchmark both for
the anomaly time series with improved stationarity (left panel) and for the original
version (right panel - see fig. 4.19). White denotes the region of negative skill
scores, the other colours show increasing skill scores in increments of 2% from dark
blue for BSS ∈ [0%, 2%] to dark red for BSS ∈ [12%, 14%].
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Fig. 5.25 shows that for both anomaly time series the dependence of the ranked probability
score on the weight of the outer initial anomaly bands p is similar with a minimum at p = 30%.
Also the separation of initial anomalies into deciles obtains the same score as the separation
into halves for both time series. However, the ranked probability score for the time series with
improved stationarity is markedly higher than for the original version, meaning that here, too,
the improved stationarity has worsened the forecast.
This can also be seen when looking at the seasonal dependence of the corresponding skill
score: Fig. 5.26 shows less areas with more than 10% improvement over the benchmark and
more areas with negative skill score than for the original anomaly time series. Especially in
March, when forecasts were quite good for the original time series, they now score worse than
the benchmark. Also for small values of p there is a definite lowering in forecast quality when
compared to the first version.
When looking at the dependence of the forecast quality on the maximal fully resolved first
passage time, the forecast and benchmark scores are also much closer together than before (see
Fig. 5.27), leading to a reduced skill score.
5.5 Conclusion
In the previous chapter, even though the forecasts had significant quality, there was still room
for improvement. Considering that we coarse-grained the initial condition on the date t0 to
retain an adequate number of data points for the estimation of Pdata(tfrost|t0,∆T ), the time
series of anomalies was assumed to be stationary. This was clearly not the case as both the
mean value of the anomalies increased over the years and their standard deviation changed
depending on the calendar month. In this chapter, we therefore tried to improve the forecasts
by using a more involved definition of the temperature anomalies that both detrended the time
series and deseasoned the variance.
While the selection issues of initial anomalies across the calendar years have been eliminated
with the trend in this new version of the anomaly time series, there are still some issues across the
different calendar months. The skewness of the anomaly distribution and with it the anomaly
range still change across the seasons, albeit with smaller magnitude and more smoothly than the
variance did before. Also the autocorrelation structure shows some seasonality with a greater
persistence in winter than in any other season. While the stationarity of the anomaly time series
has indeed been improved with the new procedure, there are therefore still remaining issues.
Elimination of the trend also led to an improvement of the fit of the anomalies by an AR(8)
model process that is not rejected by a Ljung-Box test. However, the AR(8) process is still
inadequately reproducing the first passage time distributions due to the remaining seasonality.
It also introduces systematic errors in the estimation of the conditional first passage times and
can therefore still not be used to improve the available number of data points.
Comparing the conditional first passage time distributions to those obtained from the original
version of the anomaly time series, there are small differences mostly for outliers around t0 in
spring. The change of their mean values with the initial anomalies is smaller than for the original
time series, while their spread changes more than before. The predictability effects observed in
summer are smaller than before, those in autumn and spring larger than for the original time
series.
While the precise date on which the anomalies were originally recorded does not appear
to have any impact on the conditional first passage time distributions, the initial year y has
become another factor of great influence: It determines the mean temperature value to use
when retransforming the anomalies back to temperatures to evaluate the threshold crossing




























Figure 5.25: Ranked probability score for the time series with improved stationarity (left panel)
and the original version (right panel - see Fig. 4.20) using Pdata(tfrost|t0,∆T (3w,p))
and first passage times of up to 30 days. The red horizontal line shows the score of




























Figure 5.26: Contour plot of the ranked probability skill score using Pdata(tfrost|t0,∆T (3w,p)) for
the time series with improved stationarity (left panel) and for the original time
series (right panel - see Fig. 4.22). White denotes perfect forecast and benchmark,
dark blue corresponds to negative RPSS, green to positive RPSS that is smaller
than 10% and red to positive RPSS that exceeds 10%.


























Figure 5.27: Ranked probability score for the time series with improved stationarity (left
panel) and the original time series (right panel - see Fig. 4.21) using
Pdata(tfrost|t0,∆T (3w,30)) for different maximal first passage times.
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Using the Kolmogorov-Smirnov test to analyse where the distributions Pdata(tfrost|t0, y,∆T (3))
are significantly different for the lower and upper initial anomaly tercile, we found that the
detrending reduced this number of initial days t0 - a clear indication that the potential for
predictability had diminished with the improved stationarity.
Issuing actual forecasts confirmed this initial impression. In the deterministic case, the fore-
casts calculated from this new version of the anomaly time series scored worse on average. Only
if considering the proportion correct of the forecasts, some improvement was achieved. The
binary forecast also performed worse with a clear increase in the number of days for which the
benchmark actually scored better than the forecast. Only for t0 around April 9
th the forecasts
improved with the new version of the anomaly time series. The full probabilistic forecasts also
scored worse than before, especially for t0 in March where the benchmark is now better than
the forecast while before the forecast managed an improvement on the benchmark by over 10%.
This lack of improvement might be due to the additional sources of errors introduced into the
forecasting procedure by the detrending and deseasoning of the variance, without the benefit of
a truly stationary time series. As improving the stationarity of the anomaly time series did not
help improving the quality of the predictions of first frost, we will try a different possibility of
improving the forecast schemes in the following.
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Atlantic Oscillation (NAO)
6.1 Introduction
Chapter 4 showed that we were able to issue forecasts directly from the data that scored better
than the respective benchmark forecasts for several different prediction tasks. However, the
absolute quality still left room for improvement. In Chapter 5, we improved the stationarity of
the temperature anomaly time series and thus hoped to reduce the errors introduced by coarse-
graining the condition on the initial date t0. This did not succeed in improving the forecasts
correspondingly except for the forecast accuracy in the deterministic case. In this chapter, we
will therefore analyse another possible improvement of the forecasts: Adding information from a
second relevant variable, as the fraction of variability accounted for by a single factor is generally
not very large at least in the extratropics[29]. As the improved stationarity of the anomalies
led to slightly worse forecasts, in this chapter we will revert back to the first and simpler way
of defining the temperature anomalies as given by Eq.(3.2).
6.1.1 Choosing the second variable
First, though, we need to choose an appropriate second variable. Considering the large inter-
dependence of meteorological variables, the temperatures are influenced by a great number of
factors. Foremost is the current “Großwetterlage” (general weather situation) in the vicinity of
the station for which the forecasts are to be issued. In fact it has been found previously that the
memory in surface air temperatures is due to “regime-like behaviour” in the atmosphere[134].
The second variable should therefore characterise the current general weather situation on the
initial date t0.
As described in Sec. 2.4, the most apparent atmospheric pattern that influences European
surface temperatures is the North Atlantic Oscillation (NAO). The NAO is constituted by
fluctuations in the atmospheric pressure at sea level between the low pressure system in the
vicinity of Iceland and the high pressure system that is usually located between the Azores and
southern Spain. Indeed, it has been affirmed previously that surface air temperatures are driven
by the passage of low and high pressure systems[134], pointing to the use of the NAO. Moreover,
it has been found that changes in the NAO are reflected markedly in surface air temperatures
especially over north-eastern Germany[110] and it should therefore influence the temperatures
in Potsdam. As the NAO is still not well understood, current global circulation models used
for operational weather forecasts do not incorporate it correctly[98, 99]. It is therefore a good
candidate for data-driven prediction schemes and we will focus in the following on the NAO as
second input variable for our predictions.
6.1.2 Choosing the specific index
While Sec. 2.4 described the mechanisms behind the NAO’s influence on European temperatures
and the properties of this atmospheric pattern, it also listed a wide variety of possibilities for
the characterisation and quantification of its current state. We therefore first need to choose an
appropriate index to represent the NAO for our forecasts.
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Our goal is to compare the possible merits of statistical forecasts based directly on time
series analysis to the much more complicated model-based forecasting approaches. We therefore
evidently need a “model-free” quantification of the actual state of the NAO that does not
require too much additional computational effort, i.e. a measurement-based index. We will
choose a NAO index constructed only from pressure data, in keeping with Jones et al.[108].
Luckily, correlations between different indices, station-based or more elaborate ones, are very
high especially in winter[107]. The exact choice of index should therefore not have an overly
large impact on the following analysis.
The only choice remaining are the measurement stations chosen for the index computation as
several different stations have been used to characterize the state of each of the action centers of
the NAO. For the northern low pressure system, the most common choices are the Reykjavik,
Stykkisholmur and Akureyri stations, all on Iceland. While Reykjavik offers the longest time
series duration[108], Stykkisholmur also has long time series and is part of the most commonly
used index in climate research[101] which was proposed by Hurrell. Tinz found that using the
surface air pressure in the city of Bergen on the Norwegian west coast characterises the Potsdam
winter temperatures best, while in summer any station on Iceland would be appropriate[96].
The lack of conclusive evidence for any one station is due to the fact that the temporal variability
in the North is much larger than the spatial variability[94, 108], with the correlation coefficient
between the Stykkisholmur and Akureyri time series as large as 0.98[112]. The choice of the
northern station for the index is therefore not so important and can be made on ready availability
of the time series.
For the southern station there also exist three common choices: Ponta Delgada, Lisbon and
Gibraltar. The traditional choice has been Ponta Delgada on the Azores, a station that is close
to the center of action especially in summer when the NAO systems move westward[112]. It
does provide a reasonably long time series[108], but stopped operating in 1997. Moreover, it was
found that more easterly stations might be better in winter[108]. Indeed, Stephenson remarks
that easterly stations such as Gibraltar give the strongest correlations with Central England
temperatures in winter[98]. Other studies have also found that Lisbon or Gibraltar correlate
better with temperature records over Europe than the Azores station[108, 111] and are in fact
highly correlated with each other in winter[108]. Lisbon has a longer time series than Ponta
Delgada and also a higher signal-to-noise ratio at least in winter[112]. Tinz found that for the
Potsdam temperatures in winter, Gibraltar offers the best characterisation, while in summer a
station near the center of the Baltic Sea such as Stockholm would be best[96]. The choice of
a southern station is therefore not clear-cut either, especially since it was pointed out that the
southern station does make a difference especially if one does not consider winter[109].
Fortunately, it was also found that indices based on sea-level pressures from different pairs of
stations are highly correlated[101]. Indeed, the correlation coefficient between the station pair
Lisbon and Stykkisholmur and the station pair Ponta Delgada and Akureyri for the whole joint
time series length of 1894 to 1995 is as high as 0.93[112]. Therefore, we will make our choice
based upon the ready availability of the relevant time series and settle on the monthly pressure
differences between the stations of Gibraltar and Reykjavik. The pressure measurements are
normalised separately for each station by the monthly values of the reference period 1951-1980.1
This has the added benefit that it correlates best with the more involved Eulerian index found
to be most appropriate to describe temperature anomalies over Germany[107].
1This time series was first compiled by Jones[109] and is now regularly updated by Osborn at the Climate
Research Unit[140].
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Figure 6.1: Probability distribution of the NAO index following Jones[109] for the years 1893
to 2010. The inset shows the same on a semilogarithmic scale, with the red dashed
line representing the closest fit with a normal distribution.
6.2 NAO data preparatory analysis
6.2.1 NAO data properties
Before we can issue forecasts containing information from this second variable, we will first
analyse the properties of the NAO time series as provided by the Climate Research Unit[140].
The first year without any missing values in the original dataset provided by Jones[109] is
1825, it only extends until the end of 1999 but is being continuously updated by Tim Osborn.
Therefore monthly values are available for the whole period of our temperature time series. As
described above, the index was constructed from pressure measurements that were normalised
as follows:
∆Pi =
Pi − ⟨P ⟩
σ̂
, (6.1)
where Pi denotes the pressure measured at time i, ⟨P ⟩ is the mean pressure in the time series
during the reference period 1951 - 1980 and σ̂ the corresponding standard deviation. The index
NAOI is then constructed for each month from the stations Gibraltar (G) and Reykjavik (R):
NAOIi = ∆PG,i −∆PR,i. (6.2)
A positive NAO index therefore means that the pressure difference between the two stations is
larger than average. A negative NAO index represents the case where the pressure difference
is smaller than average. A true reversal, i.e. a northern high-pressure system with a southern
low-pressure system occurs only very rarely[101].
For the years 1893 to 2010 the probability distribution of the NAOI is very close to normal,
as can be seen in Fig. 6.1. The tail of high NAO indices is, however, slightly longer with two
instances of a positive index exceeding 3σ in magnitude. To verify that the index indeed contains
spectral components that show a time dependence on seasonal scales, we look at an estimate of
the power spectral density, following Welch’s method as explained in detail in Sec. 2.1.3. As can
be seen from the zoom into the smaller frequencies in the right panel of Fig. 6.2, it appears as if
there are significant components on a yearly basis (which is to be expected since the index was
not deseasoned), but also for time scales of slightly over a year, 1,5 and 2,5 years, and around 6
years. The left panel of the same figure shows the yearly and twice-yearly frequency peaks also
inherent in the temperatures, as well as reflecting the four seasons in a year.
However, the significant noise inherent in the estimate precludes forming any significant con-
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Figure 6.2: Power spectral density estimate through an ensemble average of 11 periodograms of
time series segments of length 256 data points with a 50% overlap between consec-
utive segments. The right panel shows a zoom into the small frequencies.
clusions as to specific frequencies involved in the dynamics of the NAO index. The smaller
frequency components are nevertheless an encouraging find that indicates that additional con-
ditioning on the index might well improve the seasonal forecasts.
6.2.2 Conversion to a daily time series
The major problem this NAO time series poses is the lack of daily information. On one hand,
the power spectral density is close to a constant so that it resembles white noise. This hints
at serious undersampling of the measurements. On the other hand, we want to issue forecasts
on a daily basis. We therefore need to convert the monthly to a daily time series to obtain
initial condition information on the NAO for every day. Simply using the monthly NAOI value
for every day in the month is equal to using a step function to interpolate. This procedure
introduces significant discontinuities at the end of each month. To prevent this, we could use
more sophisticated interpolation schemes to convert the time series to daily values. However,
there are many different ways to achieve this. We will choose three of them in addition to
the step function and compare the resulting forecast quality: Linear, cubic and cubic spline
interpolation.2
Fig. 6.3 illustrates the differences in these interpolation schemes. The spline interpolation
results in the smoothest curve thus appearing most realistic. It is the only scheme that over-
and undershoots the NAO index, broadening its range. The step function on the other hand
is the only interpolation scheme that conserves the mean NAOI for each month. The forecast
quality using each of the interpolation schemes will be assessed in the following. For clarity
in these analyses, we will always keep note of the different interpolation schemes being used,
denoting them as NAOIspline for example.
Having thus obtained a daily time series of NAO index values as a second input to our
forecasting schemes, we will now proceed to analyse its impact on the predictability effects
previously looked at in Sec. 4.2.
2Since we have additional values of the NAOI both before the period covered by the temperature time series
and after 2010, we can escape the need for extrapolation at the ends. This avoids possible artefacts caused
by a strong change in NAOI between the first two or the last two data values. For actual forecasts into the
future, the daily pressure measurements would be needed.
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Figure 6.3: Example of the NAO index time series with the monthly mean values taken to be
the index at the middle of the month. The time series was constructed using a step
function (black), linear interpolation (blue), cubic interpolation (green) and spline
interpolation (red).
6.3 Potential predictability
6.3.1 Change of first passage time distributions under conditioning
In order to issue forecasts incorporating the additional information provided by the NAO index,
we will now have to estimate Pdata(tfrost|t0,∆T,NAOI). Previously, we had already coarse-
grained the conditioning on the initial date t0 by always contemplating a time window [t0 −
wt, t0 + wt] with wt = 45 days. We had also analysed different coarse-graining schemes for
the initial temperature anomalies, namely ∆T (3), ∆T (3w,p) and ∆T (10), i.e. a separation into
terciles, into three bands of unequal weight where the two outer bands each contain p% of all
initial anomalies, and into deciles respectively.
To be able to incorporate the additional variable while still retaining an adequate number of
data points from the training set for each distribution estimation, we will also have to coarse-
grain the condition on the NAO index. In order to keep the statistical fluctuations small, we
will only consider a separation into the positive and negative phase of the oscillation, denoted
as NAOI(2).3
We analyse the differences between the estimates of Pdata(tfrost|t0,∆T (3),NAOI(2)step), but now
for the six different categories of initial conditions. Fig. 6.4 plots the change of both the median
and the standard deviation of these conditional first passage time probability distributions across
the calendar year. For clarity, it only shows three categories of initial conditions, namely high
initial anomalies with a positive NAO index, average initial anomalies with a negative NAOI
and low initial anomalies with a negative NAOI. As can be seen, the differences in the median
that were evident in autumn already before have been significantly enhanced by the additional
incorporation of the NAOI. Even stronger is the change in the standard deviation, where the
differences both in winter and also in late spring have been enlarged. This is a very promising
first analysis of the influence of the NAOI on the predictability effects.
In the earlier chapters, we also looked at the full conditional probability distributions for
different initial conditions, as well as the change of their summary measures with increasing
and more finely splitted initial anomalies. Here, however, we do not only condition on the
initial anomalies but also on the NAO index. The predictability analysis has therefore gained
3As there are consistently more values with NAOI > 0 than NAOI < 0 for every interpolation scheme, we will
consider the negative phase to also contain the cases with NAOI = 0.
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Figure 6.4: Median and standard deviation of Pdata(tfrost|t0,∆T (3),NAOI(2)step) (left panels). The
continuous line denotes Pdata(tfrost|t0), red upper triangles show the results for high
initial anomalies and positive NAO index, black squares those for average initial
anomalies and negative NAO index and blue downward triangles represent lower
initial anomalies and negative NAO index. The right panels reproduce the corre-
sponding results for Pdata(tfrost|t0,∆T (3)) as seen before in Fig. 4.3.
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Figure 6.5: Results of Kolmogorov-Smirnov hypothesis tests comparing the distributions
Pdata(tfrost|t0,∆T (3),NAOI(2)step) for different combinations of initial anomaly ter-
ciles/NAO indices. Black denotes the cases in which the null hypothesis of equal
underlying probability distribution was rejected with confidence (1− α) = 95%.
an additional dimension, making direct evaluations as done before even more unwieldy. As
the increase in predictability can best and most significantly be judged using the scores of
actual predictions, we will leave out the other analyses in this chapter and concentrate on the
analysis of the statistical significance and the two predictability examples examined previously
in Secs. 4.2.4 and 5.3.4 before proceeding to the actual first passage time predictions to frost in
the next section.
6.3.2 Statistical tests of significance in distribution differences
Using the Kolmogorov-Smirnov test as introduced in Sec. 2.2.5 to evaluate the significance of
the observed differences in the distributions Pdata(tfrost|t0,∆T (3),NAOI(2)step) for different com-
binations of initial anomaly terciles and NAO indices confirms our previous conclusions: The
additional variable significantly enhances the observed predictability effects. Fig. 6.5 shows
several examples of the extent across the calendar year of statistically significant distribution
differences (compare to Fig. 4.11 for the case without the NAO). In fact, the number of days
nsig for which the Kolmogorov-Smirnov test rejected the null hypothesis of equal underlying
probability distribution increases from 200 out of 366 days for the two distributions with neg-
ative NAOI and average or high initial anomalies respectively, to 306 days for the case with
average initial anomalies and positive versus negative NAOI. Testing all other pairs of initial
conditions combinations results in values for the total number of days nsig that lie between the
two displayed extrema.
In order to better evaluate the increase in Nsig when compared to the results in Chapters 4
and 5, we listed its mean value and extrema in Table 6.1. As can be seen, with the incorporation
of the NAO index the conditional first passage time distributions can be distinguished over two
weeks longer on average than for the other cases. The most different cases of initial conditions
are now distinguishable for over 10 calendar months, compared to the 9 months we achieved
before. The least distinguishable case with nsig = 200 days appears worse if one incorporates
the NAO. However, if one considers that we have 15 different values of nsig in this Chapter and
that the next highest value was nsig = 238 days, this cannot be interpreted as a deterioration
in predictability overall.
Fig. 6.6 shows the change of the p value of the Kolmogorov-Smirnov tests with intial date
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original improved NAO
min(nsig) [days] 225 210 200
mean(nsig) [days] 251 238 266
max(nsig) [days] 274 275 306
Table 6.1: Characteristic values of the number of calendar days nsig for which the null hypothe-
sis of equal underlying probability distribution for Pdata(tfrost|t0,∆T (3)) and different
combinations of initial conditions (original - Chapter 4), Pdata(tfrost|t0, y,∆T (3)) (im-
proved - Chapter 5) and Pdata(tfrost|t0,∆T (3),NAOI(2)step) (NAO - Chapter 6) was re-
jected by a Kolmogorov-Smirnov test with significance level α = 5%. All comparisons
with Pdata(tfrost|t0) were omitted here.



















































Figure 6.6: P value of the Kolmogorov-Smirnov test comparing Pdata(tfrost|t0,∆T (3),NAOI(2)step)
for low initial anomaly with positive NAOI and average initial anomaly with negative
NAOI (second worst case in terms of nsig - left panel) and for average initial anomaly
with positive NAOI and average initial anomaly with negative NAOI (best case in
terms of nsig - middle panel), as well as Pdata(tfrost|t0,∆T (3)) with high and low
initial anomaly (right panel). The horizontal lines represent the 5% confidence
level.
t0 for the second-worst and best case in terms of Nsig as well as the previous result without
incorporating the NAOI for comparison. As can be seen, the distinction between periods with
distinguishability and those without has become much clearer, i.e. there are now very few values
that fluctuate near the confidence level. Other differences are even more striking, however. The
increase in initial condition categories has introduced non-distinghuishable distributions for
periods in time that had none of them in the cases without the NAO index, namely at the end
of December and in February. Other periods in time have now lengthened stretches for which
the distributions remain distinct, especially for t0 in July and September. As the correlations
between the NAO and the surface air temperatures have been found to vanish in July[96], this
is especially surprising.
The Kolmogorov-Smirnov test has therefore shown that the incorporation of the NAO index
has greatly enhanced the number of initial dates t0 for which there are statistically significant
differences between the conditional first passage time distributions to frost for different initial
conditions.
6.3.3 Predictability examples
Before proceeding to the actual predictions of the date of next frost, we will again look at the
two predictability examples already considered previously in Secs. 4.2.4 and 5.3.4.
First, we will again consider an initial date of April 1st. Then the conditional first passage
time distribution is bimodal and we have seen before that the relative weight of the two peaks
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Figure 6.7: Probability of frost occurring before summer, depending on the initial anomaly
decile, for NAOI > 0 (red) and NAOI ≤ 0 (blue). The left panel shows the results for
NAOI
(2)
step, the right panel for NAOI
(2)
spline. The continuous lines represent the mean
value obtained through 1000 bootstrap calculations, the error bars show double the
resulting standard deviation.
of next frost before and after summer depended significantly on the initial anomaly decile. We
now again calculate the probability of next frost before summer, i.e. the weight of the earlier
peak, for each initial anomaly decile, but separately for a positive and a negative NAO index
on the initial date.
Fig. 6.7 shows that there is a difference in probability of around 15% between the positive
and the negative NAO case. Indeed, frost before summer is much more likely if not only the
initial temperature is low as seen before, but also if the pressure difference over the Atlantic
is smaller than normal. Again calculating error bars by using the bootstrap method, we can
see that this difference between positive and negative NAO phase appears to be significant
for 8 out of 10 initial anomaly deciles. If we use more sophisticated interpolation methods on
the monthly NAO index, namely splines, then the statistical significance even extends across 9
initial anomaly deciles, although the differences between these two methods are otherwise rather
slight. Using the NAO in addition therefore refines the predictability markedly in this case.
Considering a different initial date, namely October 15th, and looking again at the date on
which in 10% of all cases first frost had already occurred, the difference between the two NAO
phases is somewhat smaller than in spring as can be seen in Fig. 6.8. Indeed, the estimated
date varies by one to four days between the two cases and is rarely statistically significant if the
step function version of the NAOI time series is used. In the case of the splines, the differences
are slightly larger.
Incorporating the North Atlantic Oscillation Index as an additional variable to condition the
first passage time distribution to frost on has therefore a significant impact on the predictability
effects visible in the distributions. Now it remains to be seen whether this also translates into
a marked improvement in the forecast quality of actual predictions to first frost.
6.4 Actual predictions
6.4.1 Deterministic prediction
We start again by issuing deterministic predictions of the day on which first frost will occur.
To do this, we use the mean value of the estimated full conditional probability distribution
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Figure 6.8: Date for which in 10% of cases first frost has already occurred, depending on the
initial anomaly decile, for NAOI > 0 (red) and NAOI ≤ 0 (blue). The left panel
shows the results for NAOI
(2)
step, the right panel for NAOI
(2)
spline. The continuous lines
represent the mean value obtained through 1000 bootstrap calculations, the error
bars show double the resulting standard deviation.
forecast scheme no ∆T ∆T (3) ∆T (3w,10) ∆T (10)
no NAOI information 31.1 30.8 31.0 30.8
NAOIstep 30.6 30.4 30.5 30.4
NAOIlinear 30.8 30.5 30.6 30.5
NAOIcubic 30.7 30.4 30.6 30.4
NAOIspline 30.7 30.5 30.6 30.5
Table 6.2: RMSE in days for deterministic forecasts of the first day of frost using different
combinations of information about the initial conditions.
Pdata(tfrost|t0,∆T,NAOI) for different coarse-graining schemes for both the initial anomalies
∆T and the NAO index. We also use the probability distributions where we only condition on
the initial date and one further variable, i.e. Pdata(tfrost|t0,∆T ) and Pdata(tfrost|t0,NAOI).
The benchmark is again defined as forecasting tfrost = t0+1 if the climatological temperature
T̃ (t0) ≤ 0 ℃, and the day on which it drops below 0 ℃ in all other cases. The root mean
square error (RMSE) for this benchmark was 73.5 days (see Table 4.1).
Table 6.2 lists the results from our forecasts. The error obtained as before by calculating
the standard error of the mean was 0.4 days in all cases. As can be seen, all forecasts perform
much better than the benchmark. However, the additional information brought by the NAO
index did not significantly improve the forecasts. While the RMSE is systematically lower for
all forecasts containing the NAO index, this difference is not sufficient to be distinguishable
when taking the errors into account. As separate confidence intervals for each score value is a
conservative method of establishing significance[76, 75], this is still a nice result.
Comparing the different interpolating methods used to convert the monthly NAO data into a
daily time series, one can see that the differences in RMSE are very small. However, it appears
as though the coarsest scheme, namely the step function, might be scoring best. This is most
likely due to the fact that all other interpolations lead to a different monthly mean of the NAO
index than given by the measurement time series, thus distorting the NAO information.
The RMSE rewards those forecasts that are closest on average to the true first day of frost.
However, a RMSE of roughly one month is a rather poor forecast overall. As before, we will
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forecast scheme no ∆T ∆T (3) ∆T (3w,10) ∆T (10)
no NAOI, improved time series 7.1 7.2 7.2 7.1
no NAOI, original time series 6.0 6.7 6.6 6.9
NAOIstep 6.0 6.8 6.4 7.0
NAOIlinear 6.0 6.8 6.5 6.9
NAOIcubic 6.0 6.8 6.5 7.0
NAOIspline 6.0 6.8 6.5 6.9
Table 6.3: PC in % for deterministic forecasts of the first day of frost using different combinations
of information about the initial conditions.
forecast scheme no ∆T ∆T (3) ∆T (3w,10) ∆T (10)
no NAOI 7.1 7.2 7.2 7.1
NAOIstep 6.6 7.3 7.0 7.2
NAOIlinear 6.7 7.2 7.0 7.1
NAOIcubic 6.7 7.2 7.0 7.2
NAOIspline 6.7 7.2 7.0 7.2
Table 6.4: PC in % for deterministic forecasts of the first day of frost using different combinations
of information about the initial conditions. The initial anomalies were gathered from
the time series with improved stationarity.
therefore also evaluate how often the forecasts were exactly accurate, i.e. how large is the
proportion of correct forecasts of the day of first frost?
To do this, we change the score to the proportion correct (PC). Additionally, we do not use
the mean values of the conditional probability distribution estimates as the forecast day, but
rather again the date on which in the training set frost had already occurred in 10% of all cases.
This had proved to be a better method when considering the PC of a forecast. In this case, the
anomaly time series with improved stationarity as analysed in Chapter 5 actually proved better
than the original simpler version. Table 6.3 shows the percentage of correctly forecast days of
first frost for the different forecasting schemes. The benchmark PC was 3.4%, the standard
error of the mean proportion correct was 0.2% for all forecasts.
As can be seen, no forecast containing the NAO index outperforms the forecast without the
NAOI but containing the improved anomaly time series. Indeed, within the error bars, the
forecasts containing the NAO index are indistinguishable from the previous forecasts using the
original anomaly time series. Moreover, the different interpolation methods for the NAO index
are also indistinguishable. The gain of adding the NAO index is therefore not so clear.
Since the anomaly time series with improved stationarity outperformed all other forecast
attempts in terms of proportion correct, in this case the use of the improved time series in con-
junction with the NAO index should also be analysed. As Table 6.4 shows, the same conclusions
as for the original time series are valid: The additional use of the NAO index does not improve
the PC of the deterministic forecasts and the choice of interpolation scheme does not change
the outcome in any significant way. The PC is only influenced by the choice of initial anomaly
time series, where the improved stationarity leads to an improved forecast quality.
The additional conditioning on the NAO index did therefore not truly help improving the
deterministic forecasts of the next day of frost.
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forecast scheme no ∆T ∆T (3) ∆T (3w,10) ∆T (10)
original anomalies 0.139± 0.003 (0%) 0.134± 0.003 (3.3%) 0.136± 0.004 (2.1%) 0.134± 0.003 (3.4%)
improved anomalies - 0.139± 0.004 (0.3%) 0.140± 0.004 (−0.8%) 0.138± 0.004 (0.6%)
NAOI
(2)
step 0.132± 0.003 (5.3%) 0.130± 0.003 (6.7%) 0.131± 0.003 (5.9%) 0.130± 0.003 (6.8%)
NAOI
(2)
linear 0.133± 0.004 (4.3%) 0.131± 0.003 (5.9%) 0.132± 0.003 (5.2%) 0.131± 0.003 (6.1%)
NAOI
(2)
cubic 0.132± 0.003 (5.1%) 0.130± 0.003 (6.8%) 0.131± 0.003 (6.1%) 0.129± 0.003 (7.0%)
NAOI
(2)
spline 0.132± 0.003 (4.9%) 0.130± 0.003 (6.5%) 0.131± 0.003 (5.8%) 0.130± 0.003 (6.7%)
Table 6.5: Brier score (Brier skill score) applied to initial dates t0 ∈ [70, 123] for different fore-
casting schemes obtained from the anomaly time series with improved stationarity,
the original anomaly time series and the original time series with additional condi-
tioning on the NAO index. The errors were determined using a bootstrap procedure
with 1000 samples.
6.4.2 Binary forecasts
For initial dates t0 in spring, an interesting forecasting quantity is the probability of still ob-
serving frost before summer, i.e. the weight of the first peak in the bimodal distribution. Here,
we chose to use the forecast obtained from Pdata(tfrost|t0) as benchmark. Its mean Brier score
over the whole period of applicable initial dates, i.e. t0 ∈ [70, 123] which lead to the bimodality
of the distribution, was BS = 0.139± 0.003 (see Table 4.2).
Table 6.5 shows the Brier scores for the other forecasting schemes, as well as the corresponding
skill scores that measure the improvement of the forecasts over the benchmark. As can be seen,
the additional use of the NAO index leads to a statistically significant improvement of the
forecast skill of up to 7% when compared to the benchmark and certainly outperforms our
previous efforts. Even discarding any information on the initial temperature anomalies leads to
skillful forecasts. Considering that individual error bars for the scores are a more conservative
estimate of statistical significance than confidence intervals for the score difference[75, 76], this
should even be a significant result as well.
Interestingly, the best forecast scores are achieved with the largest number of categories for the
initial conditions, namely two for the NAO index and ten for the temperature anomalies. This
indicates that, while fluctuations are rather high, the number of data points in each category
seems to be sufficient not to detract skill in this most coarse-grained of our prediction targets.
Comparing the different interpolation schemes converting the monthly NAO time series into
a daily one, we can see that the differences are very small. However, the cubic interpolation
performs better or equally to the others, with the simplest interpolation using a step function
a close second except in the absence of initial temperature anomaly information, when it is
actually best. Both the linear and the spline interpolation are somewhat worse, even though
none of these differences are statistically significant considering the magnitude of the errors.
The improvement in the Brier skill score over the previous forecast schemes has shown that
the NAO index does indeed have a significant impact on the morning temperatures measured
at the Potsdam station.
Considering the variation of the Brier skill score (BSS) with the initial date t0, we can see in
Fig. 6.9 that the NAO index increases the forecast skill especially in the first half of April when
fluctuations are small. Then, the NAO index adds significant resolution.
As we could see in earlier forecasts, separating the initial anomalies into weighted terciles
could be a more successful scheme than using exact terciles. Analysing the influence of the size
of the outer initial anomaly bands p on the Brier skill score, we can see in Fig. 6.10 that in











































Figure 6.9: Brier skill score comparing the forecasts using Pdata(tfrost|t0,NAOI(2)step) (top left),
Pdata(tfrost|t0,∆T (3),NAOI(2)step) (top right), Pdata(tfrost|t0,∆T (3w,10),NAOI
(2)
step)
(bottom left) and Pdata(tfrost|t0,∆T (10),NAOI(2)step) (bottom right) to the bench-
mark. The error bars were obtained using twice the standard deviation of 1000





























Figure 6.10: Contour plot of the Brier skill score comparing the binary forecast of frost still oc-
curring before summer using Pdata(tfrost|t0,∆T (3w,p),NAOI(2)step) to the benchmark.
The right panel again shows the previous results without using information on the
NAO for comparison (see Fig. 4.19). For both figures, white denotes the region of
negative skill scores, the other colours show increasing skill scores in increments of
2% from dark blue for BSS ∈ [0%, 2%] to dark red for BSS ∈ [12%, 14%].
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all touching the region with slightly less weight in the outer bands (around 30% of all initial
anomalies in each outer band, i.e. ∆T (3w,30)). The maximum in skill is reached around the
beginning of April for ∆T (3w,27).
Comparing these results to those obtained previously when using only the information about
the initial anomalies, it is immediately visible that the regions with skill scores exceeding 10%
cover much longer time intervals than before. Moreover, the regions of negative skill have
almost all vanished, except around mid-March. Overall the forecast has indeed been significantly
improved by incorporating the NAO index additionally.
6.4.3 Full probability prediction
Finally, we will consider the full probabilistic forecast of the next day of frost with a maximal
resolved first passage time tmax. Fig. 6.11 shows that the improvement over the benchmark
forecast has been increased from around 7.5% for the best fraction of anomalies p in the outer
bands of ∆T (3w,p) to almost 9.5% when additionally incorporating the NAO index with a step
function interpolation into the prediction procedure4. Interestingly, as for the binary forecast,
here the weighted terciles with 30% of anomalies in each outer band again score best.
Looking at the change of the skill score across the initial dates t0 as displayed in Fig. 6.12, we
can see that compared to the influence of the initial date, the slight variations in the RPSS with
p are almost negligible, again resulting in almost vertical bands of score values. Of course, this is
mostly due to the strong coarse-graining of the score values in this figure. Comparing the results
with and without the additional conditioning on the NAO index, we can see a larger prevalence
of skill scores that exceed 10%, thus also showing that for the full probabilistic forecast of the
next date of frost, the NAO index is a helpful addition to the prediction scheme.
Finally analysing the dependence of the RPSS on the maximal fully resolved first passage
time, it is evident that the NAO index not only increases the skill score overall, it also leads
to an asymptotic skill score that is higher than without the NAO index. The additional vari-
able therefore also helps when one needs a fully detailed forecast, even though it is based on
information that was only monthly to begin with.
4The other interpolation schemes produce very similar results with ranked probability skill scores that are
slightly worse than with the step function but markedly better than without incorporating the NAO index.
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Figure 6.11: Ranked probability skill score using Pdata(tfrost|t0,∆T (3w,p),NAOI(2)step) (left panel)


































Figure 6.12: Contour plot of the ranked probability skill score using
Pdata(tfrost|t0,∆T (3w,p),NAOI(2)step) (left panel) and Pdata(tfrost|t0,∆T (3w,p))
(right panel). White denotes perfect forecast and benchmark, dark blue denotes
forecasts worse than the benchmark, green denotes forecasts better than the
benchmark by less than 10% and red those better by more than 10%.






























Figure 6.13: Ranked probability skill score for the forecast using
Pdata(tfrost|t0,∆T (3w,30),NAOI(2)step) (left panel) and Pdata(tfrost|t0,∆T (3w,30))
(right panel) for different maximal first passage times tmax.
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NAOIstep NAOIlinear NAOIcubic NAOIspline
NAOI(2) 30.6 30.8 30.7 30.7
NAOI(3) 30.7 30.4 30.4 30.4
NAOI(10) 31.0 30.4 30.5 30.6
benchmark 31.1
best otherwise 30.4 [using Pdata(tfrost|t0,∆T (3),NAOI(2)step)]
Table 6.6: Root mean square error of the deterministic prediction of the first date of frost using
the mean of Pdata(tfrost|t0,NAOI), as well as the RMSE for the benchmark and the
best result when incorporating also initial anomalies for comparison.
NAOIstep NAOIlinear NAOIcubic NAOIspline
NAOI(2) 6.0 6.0 6.0 6.0
NAOI(3) 6.2 6.4 6.4 6.3
NAOI(10) 6.4 6.4 6.4 6.5
benchmark 3.4± 0.2
best otherwise 7.2 [using Pdata,improved(tfrost|t0,∆T (3))]
Table 6.7: Proportion correct of the deterministic prediction of the first date of frost using the
date tforecast with Pdata(tfrost ≤ tforecast|t0,NAOI) = 0.1, as well as the proportion
correct for the benchmark and the best result when incorporating also ∆T for com-
parison.
NAOIstep NAOIlinear NAOIcubic NAOIspline
NAOI(2) 0.132 0.133 0.132 0.133
NAOI(3) 0.132 0.129 0.129 0.129
NAOI(10) 0.134 0.129 0.129 0.130
benchmark 0.139± 0.003
best otherwise 0.129± 0.003 [using Pdata(tfrost|t0,∆T (10),NAOI(2)cubic)]
Table 6.8: Brier score of the binary prediction of frost still before summer using
Pdata(tfrost|t0,NAOI), as well as the Brier score for the benchmark and the best
result when incorporating also initial anomalies for comparison.
NAOIstep NAOIlinear NAOIcubic NAOIspline
NAOI(2) 0.0643 0.0646 0.0645 0.0645
NAOI(3) 0.0647 0.0641 0.0643 0.0644
NAOI(10) 0.0650 0.0647 0.0645 0.0646
benchmark 0.0694
best otherwise 0.0629 [using Pdata(tfrost|t0,∆T (3),NAOI(2)step)]
Table 6.9: Ranked probability score of the probabilistic prediction of the first date of frost using
Pdata(tfrost|t0,NAOI) with first passage times fully resolved for the first 30 days, as
well as the RPS for the benchmark and the best result when incorporating also ∆T
for comparison.
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6.5 Using a finer subdivision of the NAO index
As seen in Sec. 6.4.2, it appears as though in some situations, the additional information on
the NAO index has a much larger influence on the forecast skill than the initial temperature
anomalies. Since we only used a very coarse-grained way of incorporating the NAO information,
namely only positive versus negative index, changing this to terciles or even deciles of the NAO
index might further improve the resulting forecast quality. In order to retain a sufficient amount
of data points in each category, we will in the following only condition the first passage time
distribution on the NAO index and not on the initial temperature anomalies.
Tables 6.6 and 6.7 show the forecast quality using different coarse-graining and interpolation
schemes for the NAO index for deterministic forecasts of the first day of frost. As can be seen,
using terciles or even deciles for the index is indeed a further improvement for all interpolation
schemes except for the step function when considering the root mean square error (RMSE).
The forecast quality in terms of RMSE obtained previously using both ∆T and NAOI can be
reproduced by leaving out the initial temperature anomalies.
Considering instead the proportion correct of the deterministic forecasts, no scheme containing
the original temperature anomaly time series and a version of the NAO index that we analysed
could outperform the anomaly time series with improved stationarity as analysed in Chapter 5.
However, leaving out the condition on the initial temperature anomalies while maintaining the
information about the NAO index does not change the prediction quality much when considering
the original anomaly time series. Using only the less coarse-grained NAO information instead
of both the NAOI and the initial anomalies is therefore an improvement in forecast speed and
simplicity without a corresponding loss in the quality when considering deterministic forecasts.
Moving on to the binary forecasts of frost still before summer, Sec. 6.4.2 showed that the
influence of the NAO index is much larger than that of the initial temperature anomalies. Table
6.8 confirms this and shows that the forecast quality can be matched and even augmented to
BSS = 7% by using only information on the NAOI and changing its coarse-graining to terciles or
deciles and using a linear interpolation instead of a step function. While this is not a significant
improvement in quality considering the magnitude of the errors, it is still an improvement in
simplicity.
Tables 6.6 to 6.9 generally show that when using more than two different categories for the
initial NAO index, more sophisticated interpolation methods than the step function result in
better forecast quality.
For the full probabilistic forecasts, we can see in Table 6.9 that conditioning both on the NAO
and on the initial anomalies performs best. Using only one of the two variables to condition
the first passage time probability distribution on leads to slightly worse forecasts, where the
forecast quality is independent of the variable that was used. Here, the finer subdivision of the
NAO index into terciles again constitutes a slight improvement of the forecast quality for the
more sophisticated interpolation schemes.
From this analysis, it appears as though a subdivision of the NAO index into terciles in
general improves the forecasts. However, as the drop in quality for the full probabilistic forecast
when changing from terciles to deciles already indicates, the number of data points remaining in
each category needs to be kept large enough even when adding the initial temperature anomaly
information to avoid a decrease in skill due to fluctuations, precluding too large a subdivision.
One surprising result of this section is that using the NAO index as the only input information
on the initial condition for the predictions does not detract forecast skill in every case, even
though the NAO is not a variable measured locally close to the Potsdam station. For deter-
ministic predictions, it performs similarly to using the NAO index in addition to the original
temperature anomaly time series, but results in a quicker and simpler forecasting scheme. For
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full probabilistic forecasts, on the other hand, the quality analysis yields the expected result:
Using the two input variables is better than only using one which is better than using none.
However, for binary forecasts of frost still before summer, using only information about the
initial NAO index actually performs just as well if not better than using both variables.
6.6 Conclusion
Even though the forecasts in the previous chapters already had significant quality, there was
still room for improvement. In this chapter, we therefore incorporated a second variable into
our forecast schemes to further increase the success of our predictions. We chose the North
Atlantic Oscillation (NAO) since it is the dominant atmospheric circulation pattern for Europe
and therefore a good representation of the general weather state5. As it is not well represented
by the current global circulation models, its incorporation into a data-based prediction scheme
might provide a significant improvement over model-based seasonal temperature forecasts.
The time series of the NAO index only provides monthly mean values. Since the forecasting
schemes have a daily resolution, we needed to use interpolation to convert the NAO time series
to a daily resolution. There are many different possible interpolation methods and we used four
different ones, comparing the resulting forecast quality.
First analysing the predictability effects, i.e. the differences in Pdata(tfrost|t0,∆T,NAOI(2))
for different combinations of initial conditions, coarse-graining and interpolation schemes, we
found that they were significantly enhanced both in the median and in the standard deviation
when compared to the previous case without the NAO index. These differences were statistically
significant for more than 14 additional initial calendar days t0 compared to before. There was
therefore a significant improvement in the predictability obtained through incorporation of this
second variable.
When issuing actual predictions, we found that in the deterministic case, the root mean square
error (RMSE) was systematically lowered by incorporating the NAO index, but considering the
errors involved, this finding was not statistically significant. In terms of the proportion correct
of the forecasts, using the initial anomalies with improved stationarity still proved better than
using the original initial anomaly time series and adding information on the NAO index.
Both for the binary prediction and when issuing full probabilistic forecasts, there was a
significant improvement in the Brier score when using the NAO index in addition to the initial
anomalies.
For most of these cases, using the step function to interpolate the NAO index to a daily reso-
lution resulted in the best forecasts, only in the binary case, the cubic interpolation performed
even better. However, this difference was not statistically significant.
Surprisingly, even though the NAO is not a variable measured locally close to the Potsdam
station, using it as the only input to our data-based prediction schemes led to significant forecast
skill that matched or even exceeded the results reached with both variables for the binary
prediction and for the deterministic prediction evaluated using the RMSE.
The inclusion of the NAO index into the forecast procedure has therefore led to an increased
forecast performance especially in the binary and full probabilistic forecasts, despite the need
for interpolation resulting from the monthly resolution of the time series. Since the spectrum
of the NAO index closely resembled white noise, monthly values undersample the dynamics of
the North Atlantic Oscillation. A daily time series of the NAO index values should therefore
result in an even further improvement, if it could be obtained.
5The NAO is described in this chapter by the normalised pressure difference between the stations of Gibraltar
and Reykjavik.
136
7 Conclusion and outlook
7.1 Conclusion
Current weather forecasts are based on numerical models of O(108) degrees of freedom. As
the underlying climate dynamics are chaotic, model and data assimilation errors in this high-
dimensional system grow exponentially fast. One consequence is a maximum feasible forecast
lead time of currently around 7 days for conventional weather forecasts and up to 14 days for
medium-range efforts made for instance at the ECMWF.
Yet agriculture, the energy sector, risk and finance markets and the health sector would
profit significantly from accurate specific seasonal forecasts. However, all corresponding efforts
made up to date for the extratropics provide only time-averaged forecast outputs and still have
extremely low skill despite the highly complex and expensive models they are based on.
We therefore wanted to see whether computationally cheap, low-dimensional prediction efforts
that are based purely on the observational time series themselves could provide forecasts of
comparable or even better quality. In order to do this, we analysed predictions of the first
passage time to frost as a crucial example that is more coarse-grained than current short-term
weather prediction but still provides information on the precise timing.
To generate the data-based forecasts, we chose to use a time series of daily Potsdam morning
temperature measurements provided by the DWD. It contains the years 1893 to 2010, i.e. 118
years’ worth of complete, good quality, and homogeneous data.
We first transformed the measurements into temperature anomalies by subtracting the sea-
sonal cycle. This was done with two different levels of sophistication: First, we only chose
to use a sinusoidal model of two frequencies (yearly and twice-yearly) to smooth the average
temperatures for each calendar day. To improve the stationarity of the anomaly time series, we
then generated another version by first detrending the temperatures and also normalising the
variance of the anomalies by their average for each calendar day.
As even such long time series do not provide adequate statistics when stratifying according
to the calendar day on which they were recorded, we aggregated the data by considering all
points within a gliding window of 3 months’ width around the calendar day in question. This
procedure needs a high level of stationarity in order to avoid introducing systematic errors.
However, even in the detrended and renormalised anomaly time series, both the skewness and
the autocorrelation still exhibited seasonality.
In order to reduce such systematic errors, we attempted to discard the aggregating in favour
of generating more data points by modeling the time series with an autoregressive process. For
the simple temperature anomaly time series, the AR(1)-process provided a reasonable fit at
least in winter and summer but not in spring, mostly due to the non-stationarities such a model
cannot reproduce. Using the more sophisticated version of the anomalies, an AR(8)-process
fit the time series very well, but when comparing both the unconditioned and the conditional
first passage time distributions generated by the model and the data, there were systematic
differences. We therefore discarded this approach.
Calculating the probability distributions of the first passage time to frost for each calendar day,
P (tfrost|t0), we found three regimes: a roughly exponential decay with the maximum probability
of first frost within the next two days for t0 in winter, a bimodal distribution for t0 in spring,
and a roughly normal distribution for t0 in summer and autumn.
137
7 Conclusion and outlook
We then analysed the dependence of the conditional first passage time distributions on the
initial temperature anomalies as a first indication of the potential predictability of our data-
based schemes. We found a non-trivial dependence on the initial conditions that was enhanced
for initial dates in autumn and spring when using the more sophisticated version of the temper-
ature anomalies. A Kolmogorov-Smirnov test confirmed that the differences in the conditional
first passage time distributions for initial temperature anomalies in the low and high terciles
were significant for initial dates in the winter half of the year and in June. However, the more
sophisticated version of the temperature anomalies actually showed less calendar days for which
the differences were significant than the simpler one.
To further improve the predictability, we added a second measured time series to represent
the large-scale atmospheric weather regimes, namely the North Atlantic Oscillation (NAO)
index that is based on the sea-level atmospheric pressure differences between Reykjavik and
Gibraltar. Using the NAO index as further input considerably enhanced the differences in
the conditional first passage time distributions and extended the period over which they were
statistically significant, improving the potential predictability.
After these preliminary analyses, we proceeded to issue data-driven out-of-sample forecasts
of the first passage times to frost with the previously studied varying degrees of sophistication
and evaluated the forecast skill. We started by addressing deterministic predictions of the next
date of frost. An evaluation of the root mean square error measuring the average distance
between the forecast date and the verification showed that while the forecast always performed
much better than the benchmark, the error was quite large overall. The more sophisticated
temperature anomalies led to worse forecasts than those obtained from the simpler version,
while using the NAO index as input either on its own or in addition to the simple temperature
anomalies performed best.
We additionally evaluated the deterministic forecasts using the proportion correct to focus on
the cases in which the forecasts were actually perfect to reduce the influence of large deviations
from the verification that occurred regularly in spring when the underlying first passage time
distribution is bimodal. In this aspect, all the issued forecasts were again better than the
benchmark, but here the more sophisticated temperature anomaly time series performed better.
Even incorporating the NAO index did not improve the forecasts further.
With both these evaluations, the deterministic predictions issued in autumn performed best,
while the forecast quality was worst in spring. Then, a different and more coarse-grained
forecast target is appropriate, namely the total probability of still observing frost before summer.
We showed that this probability is heavily influenced by the initial conditions. Evaluating
the corresponding forecasts using the Brier score, we found that only between March 20th
and April 18th they were better than the benchmark. Here again, the more sophisticated
temperature anomaly time series actually led to worse forecasts except for very few initial days
in April, while adding the NAO index significantly improved the predictions. Even using only
the NAO index information as input reached similarly high skill levels of around 7%.
The final forecast target was a fully probabilistic prediction of the next date of frost with daily
resolution for the first 30 days into the future. Our forecasts beat the benchmark by around
7.5% when using only the simple temperature anomalies, with the least well-predicted initial
dates in autumn. The quality became worse when relying on the more sophisticated initial
temperature anomalies but the NAO index provided a sizable improvement over the benchmark
of up to 9.4%.
Table 7.1 summarises the best data-based prediction schemes for each case and the specific
scores obtained using them. As can be seen, the more sophisticated temperature anomalies
generally performed worse except for the proportion correct of the deterministic forecasts, de-
spite the improved stationarity of the time series which should have reduced the systematic
errors introduced when coarse-graining the initial condition on t0. This is most probably due
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forecast score benchmark score skill score distribution used input variables
RMSE 30.4 days 73.5 days 58.6% P (tfrost|t0,NAOI(3)linear) NAO index
PC 7.2% 3.4% 3.9% P (tfrost|t0, y,∆T (3)) sophisticated
T anomalies
BS 0.129 0.139 7.2% P (tfrost|t0,NAOI(3)linear) NAO index
RPS 0.0629 0.0694 9.4% P (tfrost|t0,∆T (3),NAOI(2)step)
NAO index, simple
T anomalies
Table 7.1: Root mean square error (RMSE), proportion correct (PC), Brier score (BS) and
ranked probability score (RPS) of the best data-based prediction schemes, as well as
the benchmark score and the corresponding skill scores.
to the fact that the variability between the calendar years in the temperature time series was
much larger than the trend so that the detrending could only provide a small contribution while
adding a further source of errors. Moreover, deseasoning the variance left the non-stationarities
in the higher moments of the temperature anomaly distribution unchanged.
The NAO index also appears to have a much larger influence on the results than the initial
temperature anomalies, especially in spring. This is probably due to the persistence of the sea
surface temperature anomalies which influence the NAO index and whose state therefore carries
more long-term information than the land surface temperatures themselves.
In this thesis, we have managed to issue purely data-driven forecasts of the first passage time
to frost that proved more skillful than the corresponding benchmark even on longer lead times
than those usually provided by the operational weather forecasts. Even though we calculated the
forecast skill scores, a direct comparison with the corresponding skill of the dynamical models
is still missing1. A first comparison will be given in the next section.
7.2 Comparison with a dynamical model ensemble forecast
One fundamental problem for an objective comparison between data-based and model-based
prediction quality is the continued evolution and changes of the dynamical models that lead
to a non-stationary forecast skill. In order to base a forecast skill comparison on a sufficient
amount of data to ensure robust statistics, we therefore chose to use the National Center for
Environmental Prediction (NCEP) Medium Range Forecast output from the 1998 version of
their global atmospheric circulation model, for which a long reforecast was done by the National
Oceanic and Atmospheric Administration (NOAA) from 1979 to the present[141]. While there
exist newer models with better quality, the NOAA data has the advantage of length and easy
availability.
Similar to other global dynamical models it uses the fluid dynamical equations of atmospheric
motion to generate possible time evolution scenarios on a 2.5°×2.5° grid with 28 vertical levels.
The model is initialised daily at 0:00 UTC and provides forecasts every twelve hours for up to
15 days into the future using 15 ensemble members. These are generated through one control
forecast initialised with the assimilated data provided by the NOAA reanalysis and seven pairs
of varied initial conditions using Bred perturbations2.
1While one can look up specific scores and their range for the operational seasonal models, such as BSS ≤ 5% for
temperatures in Europe[25] or BSS ∈ [−5%, 4%] for the multimodel temperature forecasts at the ECMWF[22],
those forecasts address different targets than this thesis. As the base rates of the forecast targets are not
equal, any differences in skill scores are directly reflecting the difference in base rates rather than the difference
in actual forecast skill.
2For more detail on the reforecast see [141].
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Since the global model resolution is very coarse - the grid point distance in mid-latitudes is
around 200km - there is no grid point located at Potsdam, the station for which the previous
data forecasts in this thesis were generated. To avoid artefacts in the comparison that result
exclusively from the disparity in geographic location between model and data or from an attempt
at model output interpolation to a different location, we will issue new data-based forecasts using
temperature measurements made at Hannover Langenhagen airport. It is situated at 52°26’N
9°44’E, with the next model grid point at 52°30’N and 10°00’E, roughly 20km away.
As the model output is generated for 0:00 UTC and 12:00 UTC, we will use the noon mea-
surements of the temperature instead of the morning ones as in the previous forecasts for this
comparison. The minimum forecast lead time is therefore 24 hours for the data-based predic-
tions and 36 hours for the model-based predictions as they are initialised only once per day at
0:00 UTC. The difference generously accounts for the time lag between measuring the initial
data and obtaining the model-based forecast results after the full data assimilation and model
computation procedure.
While this is not quite the same prediction task as in the main parts of this thesis - the
morning measurements are close to the daily minimum temperature especially in winter, while
the noon measurements should be close to the daily maximum leading to a different base rate of
frost events - the Hannover noon temperature time series offers the closest possible comparison
to a dynamical model.
We repeated the detailed analysis as described previously in Sections 3.2 and 5.2 also for the
noon measurements made at the Hannover station and obtained from the DWD[1] to confirm
that they are of similar quality and homogeneity as the Potsdam morning temperatures (results
not detailed here). We then proceeded to construct the two different temperature anomaly
time series as in the main part of the thesis. Finally, the probabilistic forecasts of the first
passage time to frost were calculated as before with tmax = 15 days, i.e. with fully resolved frost
probabilities for the first 14 days into the future.
For the model-based predictions, first the climatology was subtracted from the ensemble
members to convert them into temperature anomaly forecasts. Then, the fraction of ensemble
members falling below 0 ℃ was counted for the first 14 days into the future, with the 15th
category containing the residual probability weight. This gave rise to a raw ensemble forecast.
However, in operational dynamical weather forecasting, the ensemble members routinely un-
dergo post-processing, called model output statistics. In fact, the most notorious error of such
forecast ensembles that is also present in the NOAA ensemble is a systematic bias. It is given
by the average distance between the forecast ensemble mean and the corresponding verification
and shows a seasonal dependence. For the comparison, this bias was calculated for the two pre-
vious forecast years and then subtracted from the current prediction year to keep all forecasts
out-of-sample. This procedure led to a debiased ensemble forecast.
In the following, all raw and post-processed first passage time predictions to frost based on
the NOAA forecast ensemble were generated by Stefan Siegert.
Constructing the benchmark forecast in the same way as before (see Sec. 4.3.3), we used the
ranked probability score (RPS) and its corresponding skill score to again evaluate the forecasts.
The resulting scores for the model-based and a selection of data-based first passage time to
frost forecasts are listed in Table 7.2. All different forecast schemes - not only those shown in
the table - performed significantly better than the benchmark. While data-based forecasts that
use only one input variable, i.e. either initial temperature anomalies or the NAO index, mostly
perform worse than even the raw model ensemble, one can outperform the dynamical model
and achieve skill scores of up to 21% by relying on both input variables. However, additional
statistical post-processing on the model output proves to be the best strategy overall if one
resolves only the first two weeks into the future. Beyond this lead time, the model does not
offer any output, while the data-based predictions still show significant skill (see Fig. 6.13 for
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forecast scheme RPS RPSS [%] comments
debiased model ensemble 0.0445 24.6
P (tfrost|t0,∆T (10),NAOI(2)step) 0.0467 20.9 best data-based forecast
P (tfrost|t0,∆T (3),NAOI(2)step) 0.0473 19.9
data-based forecast expected to be
best (Chapter 6)
P (tfrost|t0,∆T (3w,10)) 0.0475 19.6 best forecast without using the
NAO index
P (tfrost|t0, y,∆T (10),NAOI(2)step) 0.0476 19.5
best forecast using more sophisti-
cated T anomalies
raw model ensemble 0.0479 18.9
P (tfrost|t0, y,∆T (3w,10)) 0.0495 16.2 best forecast using sophisticated T
anomalies but no NAO
P (tfrost|t0,NAOI(2)step) 0.0503 14.9
best forecast using no initial T
anomalies
benchmark 0.0590 0
Table 7.2: RPS and corresponding skill score for the benchmark, for several data-based forecasts
with different levels of sophistication, and for two model-based forecasts with and
without post-processing for the Hannover noon temperatures. All predictions were
verified on their common forecast period only, namely on the years 1981 to 2010.
the Potsdam morning temperatures).
Interestingly, contrary to our expectations after the analysis of the Potsdam morning tem-
peratures in the earlier chapters, here a separation of the initial temperature anomalies into
deciles leads to a better score than the coarser separation into terciles. This is most probably
due to the different frost base rate in the noon temperatures. Now, 92.7% of the temperature
data points lie above the threshold of 0 ℃ and can therefore be used as initial conditions for
the forecast generation, while in the case of the Potsdam morning temperatures, only 80.2%
of all data points were available. Considering that the Hannover measurements only start in
1946, this does still seem to imply a smaller absolute number of data points than in the Pots-
dam morning case. However, in winter the absolute number of days with temperatures above
freezing in the time series is almost equal between the two stations. Especially in early spring
the Potsdam morning time series even has less data points with positive temperature than the
Hannover noon time series. The statistics are therefore indeed severely impacted by this change
in time series, explaining why the less coarse-grained approach might lead to better results.
Even more striking is the difference in score values between the Potsdam morning tempera-
tures and the Hannover noon time series. Indeed, while the best data-based prediction obtained
a ranked probability skill score of RPSS= 9.4% in Sec. 6.4.3, we are now contemplating data-
based forecasts with ranked probability skill scores as high as RPSS=20.9%. This can also be
explained by the different frost base rates between the two time series. Indeed, this directly
influences the forecast uncertainty: The smaller the base rate, the smaller the uncertainty as
the situation is easier to predict. The score decomposition shows that this results in a smaller
RPS and a higher RPSS[89, 86], i.e. better forecast scores, as indeed observed here.
As we have seen, the purely data-based forecasts perform quite well for lead times of only
two weeks, where they manage to keep up with purely model-based forecasts even though they
involve much less computational effort and costs. They are only beaten by statistically post-
processed model output.
There exist, of course, better models and it should be possible to further improve even the
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model-based forecasts analysed here by additionally correcting the ensemble underdispersiveness
or using more ensemble members. However, the data-based predictions come quite close to the
quality provided by the dynamical model on shorter lead times and their skill remains in evidence
much further into the future than just the first two weeks that are provided by the dynamical
model.
We have therefore shown here that the data-based prediction schemes actually provide an
adequate alternative to seeking ever further model refinement if one wants to target specific
coarse-grained prediction tasks over longer time scales for practical applications.
7.3 Outlook
While the data-based prediction schemes have therefore shown promising skill, there is always
room for further improvement.
The most obvious weakness up to date lies in the specific way the NAO index is currently
incorporated into the forecasts. Indeed, since the variations in atmospheric circulation can
explain up to 70% of all variations in the surface air temperatures[142], it is well worth expending
effort to improve how the information about the current state of the North Atlantic Oscillation
is used. The first priority would be to procure good quality daily measurements as Chapter 6
showed that the monthly mean values constitute a badly undersampled time series.
Further improvements to the NAO incorporation might come from a different index better
suited to the specific prediction target analysed in this thesis. Previous studies have shown
that the normalised pressure difference between Paris and London explains the temperature
variations in Berlin quite well[142], while pressure differences between Gibraltar and Bergen
(Norway) in winter and between Stockholm (Sweden) and Reykjavik in summer3 explain the
Potsdam temperature variations[96]. As these other possibilities for NAO indices are essentially
correlated with the same temperature variations, these studies show that there are several good
choices for the NAO index thus offering potential for further optimisation.
Incorporating a third complementary input variable might also help to further improve the
forecast quality as only a small fraction of climate variability can be accounted for by a single
factor, especially when considering the extratropics[29]. We have already enumerated a large
number of variables influencing the European temperatures on seasonal time scales in Chapter 1.
Some of them, such as soil moisture, might provide suitable additional information. However,
by employing this strategy one needs to be careful not to follow the dynamical model path
of increasing complexity thereby negating the specific advantages of data-based predictions in
terms of small computational cost.
While generating additional data points using the simplest possible stochastic model, namely
an AR(p)-process, failed to reproduce the observed first passage times to frost, this does not
mean that there might not be a different simple model that could succeed. One avenue would
be a slightly more long-range correlated process with a power spectrum corresponding to that
of the temperature anomalies.
A different and to our knowledge new approach to seasonal predictions would be a hybrid
model- and data-based forecast scheme that incorporates the model output for the next 14
days into the selection of analogues for the data-based forecast, i.e. for the construction of the
conditional first passage time distributions.
In the broader picture, it would also be interesting to look into other prediction targets on
seasonal time scales, especially first passage times for different variables, in order to establish
just how specific our results are to frost forecasts and whether there are other situations in
which data-based predictions could provide a true advantage over model output.
3The changing stations across the calendar year reflect the spatial shift of the NAO action centers.
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A Appendix: Different possible definitions
of the climatology
A.1 Introduction
Due to seasonal solar forcing, temperature records show a seasonal cycle that is the cause of the
largest part of the temperature variance throughout a year. Any temperature prediction scheme
therefore already scores quite well just by reproducing this cycle that is also called climatology.
Since the fluctuations around it are usually of more interest, one first needs to determine the
annual cycle as accurately as possible in order to subtract it from the measured data. However,
there is no universal agreement on the best method to be employed.
As Vecchio and Carbone already pointed out[143], the climatology needs to be suitably defined
to lead to a good analysis of different aspects of temperature time series, such as persistence
in their case. In fact it has been found that the scaling of temperature power spectra changes
significantly with a change in the determination of the annual cycle[124].
The most common defintion of the climatology throughout the literature is the mean tem-
perature for each calendar day, averaged over all years in the time series[123, 32, 133, 34, 124].
There are also some minor variations of this definition such as an additional division by a sea-
sonal standard deviation in order to deseason also the variance of the time series[131]. In some
cases, the calculation of the average is restricted to a reference period that is much shorter but
common to all time series considered within one study and which does not contain missing data
points - often 1961 to 1990[126].
One further possibility is to smooth the sequence of average daily temperatures. Moberg
et al.[126] use an 11-term binomial filter or Fourier methods to allow no influence from the
particularly steep parts of the seasonal cycle to leak into the season-corrected anomalies. May
et al.[123] use the mean temperature and a sinusoidal model of the first six frequencies in the
time series with decaying and arbitrarily chosen weights to fit the daily mean values.
The problem with all these ways of calculating the climatology is their lack of validity for
non-stationary (or rather non-cyclo-stationary) processes1. Since climate is a highly nonlinear
system with external forcing and strong evidence towards some sort of climate change (see also
Sec. 3.3.1), an assumption of stationarity is rather questionable[143].
Using the Potsdam morning temperatures, we will check in the following how well the different
definitions of the climatology are suited to the time series and to our chosen prediction task.
A.2 Mean temperature for each calendar day
A.2.1 Definition and model fit
We start with the simplest definition, where the climatological value of the temperature for a
specific date is just the mean value of the temperatures recorded on this same date throughout
all the years in the time series.
1Of course, in some cases an additional term to represent e.g. the trend or other non-stationarities can be added
to ensure validity of the decomposition.
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Figure A.1: Potsdam morning temperatures over the course of 10 consecutive years (red dots)
and the corresponding mean values for each calendar day, averaged over the whole
118 years of the time series (blue line).
For this case, Fig. A.1 shows that the resulting climatology seems to fit the corresponding
data points quite nicely, both for the first and the last ten years of our time series, implying
that there is no large trend in the temperatures that would not be represented well by the mean
value over the whole time span.
A measure of how well the measured data is represented by this definition of the climatology is
the distribution of the residuals after subtracting the climatological value, also called anomalies.
This is shown in Fig. A.2. As can be seen, the temperature anomalies appear to follow a normal
distribution, with the exception of a fat tail for very small values2. This leads not only to
an asymmetry of the observed range of values but also to a larger probability of small values
even within the interval that is assessed on both sides of the range. This means that while the
mean for each calendar day represents the temperatures quite well, there is a slight bias towards
negative anomalies.
A.2.2 Deseason the variance?
In order to assess whether a deseasoning of the variance would help in this case, we look at the
spread of the distribution for different calendar months in Fig. A.3. As can be seen, neither the
mean or the median, nor the quartiles change much over the course of the year. The maximum is
also reasonably constant, but the minimum changes significantly, thus influencing the variance
of the anomalies.
Looking at Fig. A.3, it becomes clear that the anomalies cannot be looked upon as a stationary
time series with the previous definition of the climatology. It might therefore indeed be good
to deseason also the variance of the anomaly distribution.
2For an introduction of normal probability plots see Sec. 2.2.4.
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Figure A.2: Histogram and normal probability plot of the deviations from the mean tempera-
tures for each calendar day. The red dashed line in the right panel represents the
expected plot for a normal distribution.



















Figure A.3: Extremal values (blue lines), quartiles (green lines), mean (red line) and median
(cyan line) of the anomaly distribution.








































Figure A.4: Histogram and normal probability plot of the rescaled deviations from the clima-
tology. The red dashed line in the right panel represents the expected plot for a
normal distribution.
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mean with deseasoned variance
Figure A.5: Left panel: Extremal values (blue lines), quartiles (green lines), mean (red line)
and median (cyan line) of the rescaled anomaly distribution. Right panel: Mean
temperature anomaly for each calendar month, where the climatology is defined as
simply the mean temperature for each day (blue line) and as the rescaled mean
(green dashed line).





where ∆Ti denotes the anomaly on day i, j(i) denotes the calendar day corresponding to i, ⟨Tj(i)⟩
the mean temperature on calendar day j(i), and σ̂j(i) the corresponding standard deviation.
Now we repeat our distribution analysis of the resulting anomalies.
Fig. A.4 shows that the rescaled anomalies now follow a normal distribution very closely and
the left panel of Fig. A.5 illustrates the constant spread. The right panel confirms that the
mean temperatures for each month are much better represented by the rescaled climatology, as
the residual anomalies are much closer to the zero line. However, the deviations are very small
in magnitude even without deseasoning.
Taking a closer look at the left panel of Fig. A.5, it becomes evident that even though the
rescaled climatology appears to be much better, the total range of the anomalies still seems to
shift to slightly higher values over the summer months. To evaluate how important this shift is
in practice, we look at the warmest 1% and the coldest 1% of anomalies and their distribution
across the different calendar months. Fig. A.6 shows that almost all extremely cold deviations
occur in winter, while the extremely warm deviations occur in summer, making it obvious that
even the deseasoned variance does not manage to transform the time series of anomalies into a
completely stationary one.
Concluding, one can say that the mean temperature for each calendar day is an adequate
representation of the temperatures. The resulting fatter tail for negative extreme anomalies can
be eliminated by rescaling the anomalies by the daily standard deviation of the temperatures.
However, not even the deseasoning of the variance is enough to lead to an entirely stationary time
series: The distribution changes in skewness throughout the year so that despite the constant
mean and variance, the probability for extreme deviations from the mean to happen in a fixed
direction is not constant over time.
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Figure A.6: Histogram of the occurrence of the 1% coldest anomalies across the different calen-
dar months (left) as well as of the 1% warmest anomalies (right).










































Figure A.7: Mean temperatures calculated for each calendar day separately, as well as a zoom
into the months of February and March. The red circle singles out the 28th and
29th of February.
A.3 Smoothing the climatology
A.3.1 How to treat leap years?
As can be seen in the left panel of Fig. A.7, the mean temperatures for each calendar day still
form quite a noisy curve, due to the relatively small number of years in our time series in terms
of good statistics. To avoid carrying over too many particularities from the specific time series
into the climatology, such as outliers exerting too much influence on the mean temperature of
their respective calendar day, a simple smoothing model might be applied to the resulting curve.
Normally, the whole time series is fitted with such a model. In our case however, we need a
unique climatological value for each calendar day irrespective of the year in order to be able
to enhance the statistics as explained in Sec. 3.2.2. This then carries an added difficulty: the
existence of leap years.
In fact, for any calculation of the average temperature, February 29th simply has a worse
statistic than the other calendar days. There are also no other effects from the changing num-
bering of days in the year visible in the mean temperature and central moments of February
29th and March 1st with and without conditioning on it being a leap year or not. This means
that the mean temperature for March 1st does not depend on the existence of February 29th in
that year, at least not considering the magnitude of the errors inherent in a time series of only
28 leap and 90 normal years. This is very encouraging.
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However, if one were to fit a smooth model to the mean temperatures, the changing support
bears thinking about. May et al.[123] simply excluded February 29th from their analysis, but
they also only considered annual smoothed cycles and frequency components. If one instead
uses the climatology to calculate an anomaly time series for further analysis, assuming 365 days
throughout for simplicity will introduce a phase shift between the climatological model and the
actual temperature time series of 28 days or almost a whole month over the total length of the
time series, while using 366 days leads to three months’ shift in total. This would seriously
distort the resulting anomaly time series.
We will therefore calculate the smooth model with a support of 366 days and leave out the
value for February 29th except in leap years.
The only thing left to decide now is the specific form of the model.
A.3.2 Which smooth model?
By far the most common smooth climatological model is based on a sum of the global mean of the
temperature time series and fitted trigonometric functions with a yearly fundamental frequency
and higher harmonics, as given by Eq.(A.2), where ⟨T ⟩ denotes the mean temperature over
the whole time span, j the calendar day and ω = 2π365.2425 days the angular yearly fundamental
frequency in the Gregorian calendar.3







There seems to be no consensus in the literature on the total number k of harmonics, which
ranges from one to six and is described as ‘chosen arbitrarily’[123, 144], if an attempt at justi-
fication is made at all. Epstein even claimed that ‘there does not appear to be a neat, rigorous
method by which to determine unambiguously an optimum number of harmonics to fit any
dataset’[144].
He did, however, propose a test statistic to provide some orientation as to the optimal k. It
is based on the quantity Xj as given by Eq.(A.3), where N denotes the number of calendar
years in the temperature time series, σj the standard deviation of the temperatures recorded on
calendar day j, and k the number of harmonics used in the smooth climatological model. The








If one then computes the counts nm,m = 1, 2, ...10 of the values Xj that fall within the m
th
decile of the student’s t distribution with N − 1 degrees of freedom, one would expect a uni-
form distribution, i.e. nm ≈ 36.5∀m. The corresponding sum of squared errors Y as given by







We will therefore fit the smooth climatological model on a support of 365 days and calculate
the quantity Y as well as some other common measures of model accuracy to evaluate the
optimum number of harmonics to use for smoothing the climatology.
3Of course, as already stated by Epstein[144], there is no guarantee that harmonics are the optimal choice for
smoothing the annual cycle.
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term ⟨T ⟩ ω 2ω 3ω 4ω
fitting function constant sin cos sin cos sin cos sin cos
parameter value [℃] 6.6 -3.0 -8.4 -0.07 0.69 0.03 0.14 0.19 -0.21
relative error 0.45% 1.3% 0.48% 57% 5.8% 180% 39% 37% 33%
RMSE [℃] 6.3 0.58 0.30 0.29 0.28
R2 −2 · 10−16 0.9918 0.9977 0.9979 0.9981
Y 923.52 272.45 41.88 50.15 59.47
Table A.1: Table listing the first nine parameter values for the linear least squares fit of the cli-
matological model as given by Eq.(A.2), as well as their relative errors corresponding
to the 95% confidence level, the root mean square error (RMSE) corresponding to
a fit with all parameters up to the one in question, and the corresponding R2-value,
as well as the value of Y as given by Eq.(A.4).
Since a climatological model as defined in Eq.(A.2) is linear in the model parameters, and
trigonometric functions with different higher harmonics of the same fundamental frequency
form an orthogonal set of basis functions, we can fit the parameters one after the other and add
components without changing the estimated values that were obtained previously. This allows
us not to fix a cutoff number of harmonics beforehand. Table A.1 shows the resulting parameter
values for the first four frequencies, as well as the chosen measures of model accuracy.
As can be seen, the root mean square error (RMSE) of the model fit decreases drastically
when incorporating the yearly frequency and further decreases if the twice-yearly frequency
is also taken into account, but then there is only a very slight further decrease for additional
parameters. This is confirmed by the behaviour of the R2-value and also by the large relative
errors of the higher order parameter values themselves. The Y value has a minimum for two
harmonics, but remains much larger than the expected value for perfectly Gaussian anomalies
throughout, suggesting that the choice of basis functions might be problematic. On the whole,
the criteria seem nevertheless to indicate that a model with yearly and twice-yearly frequencies
would be the adequate choice for our purpose.
To check the validity of this choice of harmonics, we will additionally conduct a frequency
analysis on the Potsdam morning temperature data, as described in detail in Sec. 2.1.3. Fig. A.8
shows the resulting ensemble average of modified periodograms, both with low variance due to
a large number of data segments in the ensemble (left panel) and with low bias due to a choice
of much longer - but necessarily few - segments (right panel).
The left panel shows a single large peak that is smeared-out around frequencies of once or
twice per year. The large number of short segments means that this is a very smooth estimate,
but also that any frequency lines that lie too close together cannot be distinguished anymore.
We therefore also need the higher variance estimate in the right panel: It provides a finer
frequency resolution and actually reveals two distinct lines, one for yearly frequency and a less
important one for twice-yearly influences. All other frequency components seem to be negligible
and close to white noise.
The yearly and twice-yearly frequencies are therefore confirmed to be the predominant fre-
quencies in the temperature time series. However, the twice-yearly peak is much smaller than
the annual one and temperatures are not expected to have a behaviour as clearly twice-yearly
as, for example, precipitation, which has maxima in both spring and autumn. Indeed it has
been found that the first harmonic explains already between 89% for maritime stations and
99% for continental stations of the variability of the annual cycle[124]. Moreover, at least the
Y value remained very large for all tested numbers of harmonics. We should therefore check
further how many frequencies are indeed statistically relevant.
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Figure A.8: Power spectral density estimate of the Potsdam morning temperature time series
on a semilog scale, obtained using Welch’s periodogram method with 167 segments
of length 512 data points (left panel) as well as 20 segments of length 4096 data
points (right panel), both with a 50% overlap between consecutive segments. For
both figures, only the lower end of the frequency bandwidth is shown here.






















































Figure A.9: Residuals after fitting the mean temperature for each calendar day with a smooth
model containing only the yearly frequency (left panel) and with both the yearly
and the twice-yearly frequency (right panel).
Fig. A.9 shows the residuals of a model fit with only the yearly frequency (left panel) and both
the yearly and the twice-yearly frequency (right panel). If only the yearly frequency is chosen,
the residuals still have a very obvious time dependence that vanishes when the twice-yearly
frequency is also taken into account. This further confirms that at least two components are
necessary.
If the climatological model represents the temperature time series well, then the anomalies
averaged over larger samples should be very close to zero. To see whether this is the case and
to illustrate whether any additional higher harmonics are needed, Fig. A.10 shows the mean
anomalies for each calendar month for a climatology using up to four different frequencies. As
can be seen, there is a significant temporal dependence when only using the yearly fundamental
frequency, as already noted before. After adding the twice-yearly terms, there is a marked
improvement but no further significant changes for additional higher harmonics.
The left panel of Fig. A.11 shows that while there is a significant difference in the curve shape
between using only one frequency and adding the second, all further additions do not change
the curve shape much. It also reveals that the additional frequency component takes care of the
deviations from the perfect sinusoidal shape rather than representing true oscillations of double
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Figure A.10: Mean monthly anomalies after subtracting a climatology consisting of a sinusoidal
model with a yearly fundamental frequency and up to three higher harmonics from
the Potsdam morning temperature time series.


































Figure A.11: Smooth climatological model as given by Eq.(A.2) with up to the first four fre-
quencies (left panel). Mean temperatures and smooth climatological model for the
first and the first two frequencies (right panel).
the fundamental frequency. The right panel illustrates that the addition of only the twice-yearly
frequency does not only take care of the obvious remaining temporal dependence in the residuals
but also fits the mean temperatures very well. It therefore seems that two frequencies in the
climatological model is indeed the best choice.
Using this smooth model to derive the anomaly time series, we see in Fig. A.12 that the
smoothing does not change the anomaly distribution for better or worse - there is no difference
visible between Fig. A.12 and Fig. A.2: It still appears to be a mostly normal distribution with
a much heavier negative tail. This is in fact characteristic of all such temperature anomaly
distributions, and has already been noticed before[34].
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Figure A.12: Normal probability plot of the Potsdam morning temperature anomalies from the
climatology computed using the smooth model with two frequencies for the long-
term mean for each calendar day. The red dashed line represents the expected plot
for a normal distribution.
A.4 Conclusion
Choosing the simplest possible definition of the climatology - namely the mean temperature
for each calendar day - already offers a good model for the seasonal cycle even though the
resulting anomaly distribution still has a negative tail that is too heavy compared to a normal
distribution.
Two problems remain with this choice. The first one is the seasonality of the anomaly
variance which might be remedied by normalising the anomalies by their standard deviation
for each calendar day. However, while this removes the heavier tail of the distribution, it only
shifts the seasonality from the variance to the skewness. We could therefore not treat the
anomaly time series as truly stationary in either case. As the main concern is thus not removed
through a rescaling and increased complexity of the climatological model also means increased
risk of overfitting the time series, we will start our analysis using the simpler definition for the
anomalies that leaves out the deseasoning.4
The second problem is the danger of overfitting the time series and removing some particulars
of the recorded fluctuations along with the seasonal cycle. This can be avoided by smoothing
the mean values with a sinusoidal model as given in Eq.(A.2) with k = 2, i.e. containing both
the yearly and twice-yearly frequencies.
However, using this definition of the climatology one should keep in mind that there are
stationarity issues in the anomaly variance and also a heavier negative tail in the probability
distribution.
4As it is not clear how well the conclusions on the anomaly time series properties translate to first passage time
problems on these anomalies, we will also use rescaled anomalies later (see Chapter 5).
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first passage times - Figures
B.1 Introduction
With the different time series both obtained directly from the measured data and through an
autoregressive model process and predictability effects depending both on initial date and initial
anomaly, there are many different conditional first passage time distributions to be studied in
this thesis.
Taking into account that the predictability effects are studied not only in the full distributions
but also in several different summary measures, this results in a multitude of figures of which
only a few representative examples were shown within the main thesis. In order to provide the
full backing for the claims made in the main part, we included those on which our analysis was
based in the following appendix.
B.2 Full distribution estimates (original time series)
We will start with the original anomaly time series and the dependence of the resulting full first
passage time distributions to frost on the initial anomalies for different initial dates as analysed
in Sec. 4.2.1.
This section therefore shows the kernel density estimates of the conditional first passage time
distributions for initial anomalies recorded within a 3 month window around the stated initial
date. The distributions depicted in the top row for each initial date were conditioned on initial
anomalies lying within a chosen initial anomaly tercile, with colder than average anomalies
depicted in blue, average in black and warmer than average anomalies in red. The figures in the
bottom row for each initial date show the conditioning on anomaly bands of the warmest and
coldest 500 data points as well as the 500 closest to the distribution median. For each estimate,
normal density kernels were used, with the width w as stated in the legend of each figure.
153
B Appendix: Predictability of conditional first passage times - Figures

























w = 1 day

























w = 1 day

























w = 1 day

























w = 1 day



























w = 3 days



























w = 3 days



























w = 3 days



























w = 3 days
154
B.2 Full distribution estimates (original time series)

























w = 3 days

























w = 3 days

























w = 3 days

























w = 3 days

























w = 4 days

























w = 4 days

























w = 4 days

























w = 4 days
155
B Appendix: Predictability of conditional first passage times - Figures

























w = 4 days

























w = 4 days

























w = 4 days

























w = 4 days


























w = 4 days


























w = 4 days


























w = 4 days


























w = 4 days
156
B.2 Full distribution estimates (original time series)



























w = 3 days



























w = 3 days



























w = 3 days



























w = 3 days



























w = 1 day



























w = 1 day



























w = 1 day



























w = 1 day
157
B Appendix: Predictability of conditional first passage times - Figures
B.3 Influence of the initial anomaly decile on summary
measures (original time series)
Moving on from the full first passage time distributions to frost, we now look at distinct summary
measures and their dependence on initial anomaly deciles for several different initial dates as
indicated by the figure captions. These were analysed in Sec. 4.2.2.
Depending on whether the distribution is bimodal or not, we used the mean or median as a
measure of the location or - in the bimodal case - of the relative weight of the two peaks, and the
standard deviation (std) or interquartile range (IQR) as a measure of the distribution spread.
In the following, the location is measured by the average number of days remaining until the
next occasion of frost happens (mean) or the number of days until the next occasion of frost
has happened in 50% of all cases. The spread is always measured in the number of days.
The third summary measure was the date on which the probability of first frost occurring
had reached its maximum, or - in the case of the bimodal distributions - the locations of the
two peaks. Note that, since this was obtained using a kernel density estimate of the underlying
probability distribution, the support is not discrete any longer in this case.
The panels on the left side originate in Pdata(tfrost|t0,∆T (10)), while the panels on the right
side were obtained from PAR(1)(tfrost|t0,∆T (10)).
In order to estimate the influence of statistical fluctuations due to the finite length of the time
series, we also plotted the mean of 1000 bootstrap samples of the time series as a continuous
line, as well as error bars representing the width of two standard deviations of the bootstrap
calculation (see Sec. 2.2.6 for details).
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Figure B.1: Initial date: February 14th
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Figure B.2: Initial date: April 1st































































B.3 Influence of the initial anomaly decile on summary measures (original time series)
Figure B.3: Initial date: May 15th
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Figure B.4: Initial date: July 1st































































B.3 Influence of the initial anomaly decile on summary measures (original time series)
Figure B.5: Initial date: September 15th
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Figure B.6: Initial date: October 1st





































































B.3 Influence of the initial anomaly decile on summary measures (original time series)
Figure B.7: Initial date: November 1st
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Figure B.8: Initial date: December 1st













































































B.4 Influence of the initial anomaly decile for more than 8 days’ lead time (original time series)
B.4 Influence of the initial anomaly decile for more than 8
days’ lead time (original time series)
In order to see how many predictability effects remain beyond a lead time of 8 days for which
current operational weather forecasts are still useful[137], we show the same summary measures
of the first passage time probability distributions as in Sec. B.3, excluding all first passage times
of less than 8 days.
As a comparison, we included the corresponding results obtained with the AR(1) process that
only has a decorrelation time of around 5 days in the right panels.
Since for the previously considered initial dates of May 15th and July 1st all recorded first
passage times (at least from the temperature measurements) are larger than 8 days, they were
not plotted again here.
The analysis of these figures was also done in Sec. 4.2.2.
Figure B.9: Initial date: February 14th
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Figure B.10: Initial date: April 1st





























































B.4 Influence of the initial anomaly decile for more than 8 days’ lead time (original time series)
Figure B.11: Initial date: September 15th































































B Appendix: Predictability of conditional first passage times - Figures
Figure B.12: Initial date: October 1st































































B.4 Influence of the initial anomaly decile for more than 8 days’ lead time (original time series)
Figure B.13: Initial date: November 1st
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Figure B.14: Initial date: December 1st



































































B.5 Full distribution estimates (improved time series)
B.5 Full distribution estimates (improved time series)
This section shows the kernel density estimates of Pdata(tfrost|t0, y,∆T ) in the left panels and
from PAR(8)(tfrost|t0, y,∆T ) in the right panels. The model was found to be in better agreement
with the measured anomalies in this case (see Sec. 5.2).
The distributions all use ∆T (3), with colder than average anomalies depicted in blue, average
in black and warmer than average anomalies in red. The top row displays y = 1999, i.e. max-
imum trend, the middle row y = 1965, i.e. an average trend, and the bottom row y = 1941,
i.e. minimal trend.
For each estimate, normal density kernels were used, with the width w = 1 day for the initial
dates February 14th and December 1st, w = 2 days for the initial date of November 1st and
w = 3 days for all other initial dates.
Figure B.15: Initial date: February 14th
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Figure B.16: Initial date: April 1st

















































































































































B.5 Full distribution estimates (improved time series)
Figure B.17: Initial date: May 15th
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Figure B.18: Initial date: July 1st

















































































































































B.5 Full distribution estimates (improved time series)
Figure B.19: Initial date: September 15th
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Figure B.20: Initial date: October 1st

















































































































































B.5 Full distribution estimates (improved time series)
Figure B.21: Initial date: November 1st
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Figure B.22: Initial date: December 1st























































































































































B.6 Influence of the initial anomaly decile (improved time series)
B.6 Influence of the initial anomaly decile (improved time
series)
In this section, we analysed the influence of the initial anomaly decile on the first passage time
distribution to frost for the improved time series. Since here the initial years differ by the
observed temperature trend and thus influence the conversion of anomalies back into tempera-
tures, we again chose three different initial years as well as different initial dates for our analysis
as also done in the main part of this thesis in Sec. 5.3.2.
The top row was generated starting in 1999, the initial year with the largest observed tem-
perature trend value, the center row uses 1965 as initial year, one whose trend value is closest to
the average trend value. The bottom row uses 1941 as initial year, representing the minimum
trend value.
In order to estimate the influence of statistical fluctuations due to the finite length of the time
series, we also plotted the mean of 1000 bootstrap samples of the time series as a continuous
line, as well as error bars representing the width of two standard deviations of the bootstrap
calculation (see Sec. 2.2.6 for details).
B.6.1 Distribution location
We first look again at measures of the distribution location. As stated before, while the median
is the more robust quantity especially with respect to outliers, it changes abruptly in the case
of a bimodal distribution with a strict separation of peaks that lie far apart as is the case for
some initial conditions of the first passage time distribution to frost. Indeed, then the median
jumps from one peak to the other as soon as the second peak acquires more relative weight than
the first.
Since this is mainly the case for initial dates in spring, we chose the mean for those cases. In
summer, the two measures are almost indistinguishable. For the sake of clarity, we limited the
display to only one of the two throughout this subsection.
The mean is again measured as the average number of days until frost next occurs, while the
median is measured in the number of days until first frost has occurred in 50% of all cases.
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Figure B.23: Initial date: February 14th (left) and April 1st (right)












































































B.6 Influence of the initial anomaly decile (improved time series)
Figure B.24: Initial date: May 15th (left) and July 1st (right)
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Figure B.25: Initial date: September 15th (left) and October 1st (right)















































































B.6 Influence of the initial anomaly decile (improved time series)
Figure B.26: Initial date: November 1st (left) and December 1st (right)
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B.6.2 Distribution spread
We next turn to measures of the distribution spread. The interquartile range is the more robust
quantity especially with respect to outliers, but it changes abruptly in the case of a bimodal
distribution with a strict separation of peaks. Indeed, then it jumps from describing the spread
of the larger peak to describing the distance between the peaks as soon as the second peak
contains more than a quarter of all data points. Since this is mainly the case for initial dates
in spring, we chose the standard deviation for those cases and the interquartile range in winter
when the number of data points for the estimation is small. Both the std and the IQR are
measured in units of days.
Figure B.27: Initial date: February 14th (left) and April 1st (right)






































































B.6 Influence of the initial anomaly decile (improved time series)
Figure B.28: Initial date: May 15th (left) and July 1st (right)
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Figure B.29: Initial date: September 15th (left) and October 1st (right)















































































B.6 Influence of the initial anomaly decile (improved time series)
Figure B.30: Initial date: November 1st (left) and December 1st (right)
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B.6.3 Date of maximum first frost probability
The third interesting summary measure of the first passage time probability distribution to frost
is the date of maximum first frost probability. In the case of strong bimodality with peaks in
spring and late autumn, two peaks were determined. Note that since estimating the location of
the peak(s) was done using a kernel density estimate for the probability distribution, the peak
location is not necessarily on integer days.
Figure B.31: Initial date: February 14th (left) with zoom into the earlier peak (right)



































































B.6 Influence of the initial anomaly decile (improved time series)
Figure B.32: Initial date: April 1st (left) with zoom into the earlier peak (right)
































































B Appendix: Predictability of conditional first passage times - Figures
Figure B.33: Initial date: April 1st - zoom into the later peak (left) and July 1st (right)




















































B.6 Influence of the initial anomaly decile (improved time series)
Figure B.34: Initial date: May 15th (left) with zoom into the later peak (right)
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Figure B.35: Initial date: September 15th (left) and October 1st (right)




















































B.6 Influence of the initial anomaly decile (improved time series)
Figure B.36: Initial date: November 1st (left) and December 1st (right)
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